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A multiple-degree-of-freedom articial hand has been developed at the University
of Southampton with the aim of including control philosophies to form a highly
functional prosthesis hand. Using electromyographic signals is an established tech-
nique for the control of a hand. In it simplest form, the signals allow for opening
a hand and subsequent closing to grasp an object.
This thesis describes the work carried out in the development of an electromyo-
graphic control system, with the aim to have a simple and robust method. A
model of the control system was developed to dierentiate grip postures using two
surface electromyographic signals. A new method, moving approximate entropy
was employed to investigate whether any signicant patterns can be observed in
the structure of the electromyographic signals. An investigation, using moving
approximate entropy, on twenty healthy participants' wrist muscles (exor carpi
ulnaris and extensor carpi radialis) during wrist exion, wrist extension and co-
contraction at dierent speeds has shown repeatable and distinct patterns at three
states of contraction: start, middle and end. An analysis of the results also showed
dierences at dierent speeds of contraction. There is a low variation of the ap-
proximate entropy values between participants. This result, if used in the control
of an articial hand, would eliminate any training requirement. Other methods,
mean absolute value, number of zero crossings, sample entropy, standard devi-
ation, skewness and kurtosis have been determined from the signals. Of these
features, mean absolute value and kurtosis were selected for information extrac-
tion. These three methods: moving approximate entropy, mean absolute value
and kurtosis are used in the feature extraction process of the control system. A
fuzzy logic system is used to classify the extracted information in discriminating
the nal grip posture. The results demonstrate the ability of the system to classify
the information related to dierent grip postures.DECLARATION OF AUTHORSHIP
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Introduction
The human hand is a complex biological system with twenty seven bones. A
multitude of muscles and tendons provide multiple degrees of freedom of move-
ments and an array of over 17,000 tactile sensors for sensory feedback mechanisms
[Carrozza et al., 2002a]. Prosthetic hands have been designed to provide either
functional and/or visual replacement for individuals with amputation or a natural
birth defect. Commercial hand prostheses provide the user with limited dexter-
ity and functionality due to the restricted number of grip patterns that may be
achieved. The last few decades have shown continuous work on prosthetic hand
developments with the ultimate aim of developing a prosthetic hand that is able
to mimic the functionality and control of the human hand. For example, the US
Department of Defense's Advanced Research Project Agency has put a large in-
vestment into prosthetic arm research with the aim to have a mechanical limb
with signicant function and sensory perception of a natural limb controlled via
the amputee's nervous system [Evans-Pughe, 2006].
To improve the functionality of the articial hand, two main factors have to be
considered in the development process. Those two factors are the structural design
of the articial hand and the control mechanism of the hand. Rapid growth in the
structural design of the articial hand can be seen and there is renewed interest in
the development of hands with multiple degrees of freedom that lead to multiple
grip hand postures [Mitchell, 2008; TouchBionics, 2007]. The Southampton Hand
has multiple degrees of freedom that are able to adopt six dierent hand grip
postures; spherical, lateral, power, tripod, tip and extension[Light et al., 2002a].
Unlike most other articial hand designs that have only three active digits, the
Southampton Hand has four digits and a thumb that is able to do multiple grip
postures. This lighter weight (about 400g) hand uses six gearboxes that can ex/
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extend the four digits, and the thumb can ex/extend and also rotate. It also has
some sensors (slip, force and temperature) that could improve the functionality
of the prosthetic hand [Cotton et al., 2007; Cranny et al., 2005b]. Generally, the
Southampton Hand is about the structure of an articial hand but also included
is any control philosophy that could form a high functionality prosthetic hand in
the future.
The control mechanism has become the main concern in the prosthetic hand devel-
opment process. Various methods have been proposed in controlling the operation
of an articial hand and surface electromyography has become an established tech-
nique as the control mechanism for prosthesis control application. The concept of
using surface electromyography signal for prosthesis control started in the 1940s
[Plettenburg, 2006]. By using the residual muscles on the amputee's arm, they
have been used as the control channel to determine the nal movement of the
hand. The most simple application is to either open or close a hand.
Attempts to recognize patterns in the surface electromyography signal for control
purposes have been investigated and it has been demonstrated that this control
method is robust for the prosthesis control. Pattern recognition aims to classify
the surface electromyography data based on statistical information extracted from
the signal and determine the nal output of the device operation. Even though
the amputees may not have fully functioning muscles, it has been shown that they
are able to generate repeatable surface electromyography patterns during move-
ments [Asghari Oskoei & Hu, 2007]. The control channel can be varied from single
to multiple surface electromyography channels. There is a trade o between the
number of control channels and the complexity of the system. A single channel
would give a less complex structure whereas multiple channels will cause more
complexity in the construction but could give higher accuracy in the system per-
formance. An example of electromyographic control system is an investigation on
four channels of surface electromyography signals with the task to discriminate
four multiple classes of hand and wrist movement [Englehart & Hudgins, 2003].
Their system was very accurate in its performance (98% classication rate) as each
control channel was used in determining one dierent movement.
Electromyography (EMG) is used to evaluate and record the electrical activity
of skeletal muscles during their contraction. It can be divided into two types:
surface EMG (SEMG) and needle EMG, requiring transcutaneous insertion or
needles. The former is the most widely used as it is a non-invasive technique,
cost eective and more convenient to use. SEMG signals are the summation ofChapter 1 Introduction 3
motor unit action potentials when the neuromuscular activities are detected using
surface electrodes placed on the skin surface. It has been used in numerous elds
including biomechanics, motor control, muscle fatigue monitoring, functional elec-
trical simulation and many other applications [Bilodeau et al., 2003; Bonato et al.,
2001; Eom et al., 2000; Manette & Maier, 2004]. Also, repeatable SEMG patterns
can be observed during dierent muscle contractions enabling use in prosthetic
control.
Various signal processing techniques have been used to analyze the SEMG signals,
depending on which application is carried out. Root mean square and median
power frequency are two popular methods in the analysis of fatigue muscle [de An-
drade et al., 2006; Jansen et al., 1997]. By determining the signal to noise ratio and
using the Teager-Kaiser energy operator, the onset time when the muscle contracts
can be detected from a SEMG signal [Li et al., 2007; Li & Aruin, 2005]. In an
electromyographic control system for prostheses applications, the mean absolute
value (MAV) has been the most widely used method to extract information from
a SEMG signal [Hudgins et al., 1993; Y. Al-Assaf, 2005; Chan et al., Sept. 2000;
Englehart & Hudgins, 2003].
1.1 Objective
The objective of this research is to develop an EMG control system (ECS) that
is based on pattern recognition to control a six degrees of freedom prosthetic
hand, specically the Southampton Hand by using information from two SEMG
signals (exor and extensor muscle) as the control channel. A new method, moving
approximate entropy is used as the main method in feature extraction of the SEMG
signal, which is part of the ECS.
To achieve this objective, a detail investigation of moving ApEn has been carried
out. Since its computation involves two parameters, the behaviour of dierent
variable conditions have been investigated thoroughly before the nal parameters
are chosen. The ApEn algorithm is also tested on dierent data sets, from regular
and random numbers to raw and rectied SEMG. This thesis emphasize the inves-
tigation on the SEMG signals using this method, as well as the ECS development
process where a fuzzy logic system is used to classify the extracted features in
selecting the nal output.Chapter 1 Introduction 4
The aim of the research is, by integrating the ECS with the Southampton Hand,
the hand should be able to do multiple grip postures (multiple degree of freedom)
to form a prosthetic hand with better functionality.
1.2 List of Publications
The research on the development of the ECS has been been presented and pub-
lished through the following research papers:
1. Siti A. Ahmad and Paul H. Chappell,"Surface EMG Pattern Analysis of
the Wrist Muscles at Dierent Speeds of Contraction", Journal of Medical
Engineering and Technology, Vol. 33, Issue 5, pp. 376-385, July 2009.
2. Siti A. Ahmad and Paul H. Chappell,"Development of electromyographic
control system based on pattern recognition for prosthetic hand application",
in the Proceedings of the Sixth IASTED International Conference on Signal
Processing, Pattern Recognition and Applications (SPPRA'09), Innsbruck,
Austria, pp. 120-125, February 2009.
3. Siti A. Ahmad and Paul H. Chappell,"Surface EMG Classication using
Moving Approximate Entropy and Fuzzy Logic for Prosthesis Control", in
the Proceedings of the Myoelectric Controls/Powered Prosthetics Sympo-
sium (MEC'08), New Brunswick, Canada, pp. 136-138, August 2008.
4. Siti A. Ahmad and Paul H. Chappell,"Moving Approximate Entropy Ap-
plied to Surface Electromyographic Signal", Biomedical Signal Processing
and Control, Vol. 3, pp. 88-93, 2008.
5. Siti A. Ahmad and Paul H. Chappell, "Surface EMG Classication Using
Moving Approximate Entropy", in the Proceedings of the International Con-
ference on Intelligent and Advanced Systems (ICIAS'07), Kuala Lumpur,
Malaysia, November 2007.
1.3 Document Structure
The structure of this report reects the sequence of the development of ECS based
on pattern recognition. The organization of the thesis is as follows:Chapter 1 Introduction 5
Chapter 2 reviews the research in the development of prosthetic hands. The com-
mercial prosthetic hands available are described as well as the current development
of the hand. The Southampton Hand operation and latest development are also
described. A brief overview of functional anatomy of the upper limb and the
physiology of SEMG signals are presented in this chapter.
Chapter 3 describes the state of the art of the electromyographic control system
based on pattern recognition. Various methods used in dierent stages of pattern
recognition based control are reviewed.
Chapter 4 describes the theoretical background of the proposed method, moving
approximate entropy. This includes some of the applications that using ApEn.
The continuous form of entropy measure and other algorithms are also described
and discussed.
Chapter 5 details the investigation of the surface EMG signals of the wrist muscles
during dierent movements at a dierent speeds including results, analysis and
ndings.
Chapter 6 describes the development of the electromyographic control system
based on pattern recognition in detail. The classication process of the extracted
features obtained in the previous chapter is discussed in detail . The stages in-
volved are also described along with the analysis.
Chapter 7 discusses the main issues arise from the results and ndings obtained
during the development process.
Chapter 8 draws the conclusions from the development and testing of the elec-
tromyographic control system based on pattern recognition. An outline for poten-
tial future work is described.Chapter 2
Review of Prosthetic Hands
This chapter reviews the current status of the prosthetic hand development cover-
ing their function, mechanical structure and control mechanisms. A brief history
and commercially available prosthetic hands are also included in this chapter. An
introductory explanation of the human hand and physiology of surface EMG signal
are also included.
2.1 The human hand
The upper limb is associated with the lateral aspect of the lower portion of the
neck. Its main function is for positioning the hand in space as well as assisting
to regulate the body's movement to compensate for changes in the body's centre
of gravity. Based on the position the upper limb's component bones and major
joints, it can be divided to shoulder, arm, forearm and hand.
The hand function is as mechanical tool (to grip and manipulate objects) and
sensory tool (to discriminate between objects based on touch). Grip postures can
be divided into six types that are commonly used when completing a task, namely
spherical, lateral, tripod, tip, power and extension (Figure 2.1)
The hand independent movements are eected by dierent muscle groups. Some
muscles are located entirely in the hand itself (intrinsic muscles) and some are
located at the forearm (extrinsic muscles). The intrinsic muscles mainly execute
precision movement with the ngers and thumb. The extrinsic muscles are con-
nected to the ngers by tendons and responsible in the wrist movement and power
gripping in hand. The central nervous system (CNS) sends a signal to the spinal
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Figure 2.1: Six patterns of hand grip postures [Light et al., 2002a]
cord which then activates the appropriate muscles in performing the hand move-
ment. Figure 2.2 shows the view of the forearm with an extending hand (top) and
a exing hand (bottom).
2.2 Prosthetic hands
Prosthetic hands are designed to provide a replacement for upper limb amputees
and they range from the passive type to functional types. A passive prosthesis
is a cosmetic type where it just provides visual replacement of the amputation,
while the functional prostheses are used to mimic the function of a natural hand.
The simplest operation they can do is just either open or close the hand. The
functional type can be divided into two categories; body powered and externally
powered.Chapter 2 Review of Prosthetic Hands 8
Figure 2.2: Lateral view of the forearm with an extending hand (top) and a
exing hand (bottom)
Body powered prosthesis is when the prosthesis is powered and controlled by body
movements. This is done by putting a harness system on the shoulder or upper
arm, which is attached to a cable that is connected to the hand (see Figure 2.3). It
is highly durable type of prosthesis with low maintenance cost. They provide some
sensory feedback to the shoulder through the cable and harness. Also, a person
can become dexterity in holding an moving everyday objects. However they have
limited functionality and maybe uncomfortable to the wearer.
Externally powered prostheses normally use small electronics devices that can be
put on the hand or wrist to control the hand movement. Control techniques are
used in this type of prosthesis, for example EMG control, servo control and nerve
control. Rechargeable batteries are used to power the device. Even though the
externally powered prostheses is much heavier compared to other type of pros-
theses, they require less maintenance once tted to the amputees where typical
maintenance is in every six months. With the rapid growth in the technology, the
weight problem could be overcame in the future.
2.2.1 Brief history of prosthetic hands
Prosthetic hands have been found centuries ago with the main aim was tried to
provide the amputees with a replacement part. It had been found as early asChapter 2 Review of Prosthetic Hands 9
Figure 2.3: Below elbow body powered prosthesis [Disaboom, 2008]
330BC on an Egyptian mummy which was a cosmetic hand prosthesis [Pletten-
burg, 2006]. In the 15th century, passive hand prostheses were developed and used
for several decades. Passive prosthetic hands involve a moveable thumb only or
by using knob activation to lock the thumb and ngers conguration to select the
chosen position [Plettenburg, 2006]. One example of a passive prosthetic hand was
the Jagsthauser Hand (Figure 2.4) worn by a German knight, Gotz von Berlichin-
gen. The 1500g steel hand uses knob activation where both thumb and the paired
ngers of the hand are capable of being independently locked in several positions
by means of an elaborate system of ratchets and spring-operated pawls.
The beginning of 19th century showed the start of actively operated prostheses.
The prosthesis is called body powered where a harness is tied to the shoulder and
connected to device via a cable. When the user moves the shoulder, the cable is
tightened and will cause the device to open and close. Count of Beaufort from
France had designed a body powered prosthesis back in 1860 where the hand
was made of wood and the moveable thumb was controlled by a cable connected
to a shoulder girdle [Plettenburg, 2006]. The hand can also be operated by the
abduction and the extension of the arm.
World War I had caused a large number of amputees. The development and use
of the body powered prostheses were boosted during this time and several other
body powered designs can be found with dierent functionality. The most popular
design was the split hook and this type of prosthesis is still widely used today. TheChapter 2 Review of Prosthetic Hands 10
Figure 2.4: The Jagsthauser Hand [von Berlichingen, 2007]
hook has two ngers where one nger is static and the other one is moveable. It
is operated by a control cable connected to the extension nger and the nger
is opened against a spring (rubber band). Plastic materials were introduced into
prosthetics after the Second World War and further development on the body-
powered prostheses continued with gradual growth.
External powered prostheses were introduced at the end of 19th century and can
be divided to types: pneumatically and electrically powered. Pneumatically pow-
ered used carbon dioxide to power up the prostheses while electrically powered
used rechargeable batteries. However , the pneumatically powered device was not
practical as it was noisy and more dicult to operate. Later, electromyographic
prostheses had been introduced where an electrical signals generated when the
muscle contracts to control the prosthetic device. When a skeletal muscles con-
tracts, small voltages can be detected on the skin surface which are amplied and
conditioned to operate an electrically powered prosthesis. It has been reported
that the electromyographic prosthesis was rst proposed and built by Reiter in
1948 and by the end of the sixties and early seventies, the electromyographic
prostheses became popular in this eld [Plettenburg, 2006].Chapter 2 Review of Prosthetic Hands 11
Figure 2.5: The Otto Bock Prosthetic hands: (a) The SensorHand and(b)
The SystemHand [OttoBock, 2007]
2.3 Commercially available prosthetic hands
A wide variety of commercial upper limb prostheses are available nowadays. They
range from body powered to externally (electrically) powered prostheses to passive
hands. Most of the commercial prosthetic hands are three ngered (2 ngers and a
thumb) devices with a single degree of freedom (DOF) and restrictive function. All
of these prosthetics come with a cosmetic glove which provide a natural appearance
to the wearer.
In Germany, the Otto Bock SensorHand (Figure 2.5(a)) is one example of an
externally powered prostheses. It is myoelectrically controlled and is able to open/
close with a speed of 300 mms 1. The device incorporates an auto grasp feature,
which can prevent the object held from slipping by monitoring and changing the
gripping force accordingly.
The SystemHand (Figure 2.5(b)) also manufactured by Otto Bock, is a cable-
controlled arm prosthesis that is powered through the body residual limb and/or
the shoulder girdle. The hand is closed when the cable is pulled intentionally and
the grip force will be increased if the cable is pulled further [OttoBock, 2007].
The ProHand, one of the prosthetic hands developed by Motion Control uses EMG
signals from the remnant limb to control the prothesis [MotionControl, 2007].
The operation is almost similar to the Otto Bock hand with an extra feature,
exion/extension of the wrist (Figure 2.6) The wearer is able to ex and extend
the wrist and could allow the hand to act like a natural hand in performing tasks.Chapter 2 Review of Prosthetic Hands 12
Figure 2.6: The ProHand by Motion Control. Top: The system setup, Bot-
tom: the hand with the wrist exion feature [MotionControl, 2007]
Figure 2.7: The Touch Bionics i-Limb hand. A: key grip, B: power grip, C:
precision grip and D: index point [TouchBionics, 2007].
Touch Bionics (Edinburgh, Scotland) developed the lighter weight i-Limb hand
that uses two EMG signals to control the system [TouchBionics, 2007]. While other
commercial prosthetic hands can only perform one DOF, the i-LIMB hand consists
of ve active digits that can perform three most common gripping congurations
used by humans: power, precision and key grip by rotating unpowered the thumb
(Figure 2.7). These grip postures are done by rotating the thumb to dierent
positions (using a human hand to do this). The hand is also able to perform index
point posture where it is very useful for operating a computer keyboard, automatic
teller machine (ATM) and other daily requirements [TouchBionics, 2007].Chapter 2 Review of Prosthetic Hands 13
2.4 Current research into the development of pros-
thetic hands
A signicant amount of research has been devoted to the improvement of the
prosthetic hand's functionality. This section reviews some of the currently active
research on upper limb prosthetics.
2.4.1 The Southampton Hand
The research into upper limb prostheses at the University of Southampton began
in the 1960s. The hand was originally built with 4 DOF, weight about 1.4kg and
discrete logic components were used to control it. The work had seen innovative
development of the prostheses in dierent aspects as follows: mechanical design,
control system design and also sensor incorporation for automation process [Todd,
1970; Codd, 1976; Moore, 1980; Storey, 1978; Swain, 1982]. The main objectives
of this research is to increase the grasping pattern and also to improve the sensory
feedback control of the hand.
Kyberd [Kyberd, 1990; Kyberd & Chappell, 1994; Kyberd et al., 1995] had con-
tinued the enhancement of the Southampton hand where sensors that could detect
object slippage, contact force and angle were incorporated on the palmar surface
of the hand. The Southampton Adaptive Manipulation Scheme (SAMS) is a hier-
archical control format that had been developed to control the Southampton hand.
This control scheme is initiated from the central nervous system principles of a
human system. Figure 2.8 shows the state diagram of the SAMS. The SAMS uses
EMG or the sensor inputs to grip the object with minimal force by maximizing
the contact area between the object and the hand. Two channel EMG inputs are
used to control the hand, which are exor and extensor muscles of the forearm.
The power consumption can also be optimized with this scheme where the object
will be gripped if the user issues the instruction or if slip is occurring. When
no instruction is given, the hand will be in idle condition and no power will be
consumed.
The Southampton Hand was then being redesigned by Light [Light & Chappell,
2000; Light, 2000; Light et al., 2002b] which is called the Southampton Remedi
Hand. It is a ve ngered device, formed by a thumb and four ngers to have a
more hand-like appearance. Manufactured using carbon bre epoxy composite forChapter 2 Review of Prosthetic Hands 14
Figure 2.8: State diagram of the SAMS [Kyberd & Chappell, 1994]
the linkage and polymer thermoplastic, a lighter weight (400g) hand with good
bearing properties is produced. The hand has six DOF which builds on the four
DOF Southampton hand. The thumb is able to do two dierent movement; ex-
ion/ extension and adduction/ abduction that can adapt to six prehensile pattern:
power (Figure 2.9(a)), tip, extension, lateral (Figure 2.9(b)), tripod and spherical.
The hand is used with a hierarchical controller, SAMS to ensure the adaptable
prehension. To investigate the functionality of the prosthesis and the controller, an
assessment procedure was developed. The Southampton Hand Assessment Proce-
dure (SHAP) is used to evaluate the hand's functionality in clinical setting [Light
et al., 2002a; Light, 2000].
Figure 2.9: The Southampton Remedi hand in (a) power and (b)lateral pre-
hension [Light & Chappell, 2000]
The Southampton Remedi Hand was destroyed in a major re at the University
which resulted in the design and construction of a new hand with improved prop-
erties. The new lighter hand can mimic the motion of the human hand and alsoChapter 2 Review of Prosthetic Hands 15
has sensors (Figure 2.10). The sensors have been designed using thick-lm print-
ing technology [Cranny et al., 2005b,a; Cotton et al., 2007] that could be placed
at each ngertip of the hand. These piezo-resistive sensors can be used to moni-
tor force, where it can detect how much forces is exerted to the tip. The sensor
information is converted to electrical signals that are fed to a processor which will
then allows the hand to hold the object with sucient force. Another sensor is a
slip sensor placed on the nger tips where when the object begins to slip. It will
automatically control the hand to tighten the object. Temperature sensors are
also included to avoid thermal damage to the prosthesis.
Figure 2.10: The new Southampton Hand with sensors at each ngertip of
the hand
2.4.2 The Biomechatronic hand
Researchers from Advanced Robotics Technology and Systems Laboratory (ARTS)
Lab in Italy have been actively involved in designing and developing prosthetic
hands for several years. Carrozza et al. [2001, 2002b] developed a mechanical
'human-like' hand embedded with electronics and sensors to form a biomechatronic
hand. The hand has three active ngers (thumb, index and middle) device and two
passive ngers that are able to perform cylindrical (power) and tripod (precision)
grasps. In order to make a light weight hand, micromotors are used to actuate the
ngers where they are integrated in the hand structure. Force sensors are placed
at the ngertips to monitor the grip control and also position sensors to monitor
the displacements of the active joints.Chapter 2 Review of Prosthetic Hands 16
Figure 2.11: The CyberHand prosthesis [ARTSLab, 2008]
The development of the biomechatronic hand has led to further enhancement of
the prostheses. The CyberHand [Carrozza et al., 2003, 2004; Cipriani et al., 2006;
Carrozza et al., 2006] prosthesis was developed by re-designing the biomechatronic
hand where a ve ngered device is produced (Figure 2.11). It has sixteen DOF
and able to perform cylindrical, lateral, spherical, bidigital and tridigital grasping
postures. Included in the design are twenty-one position sensors, eight force sensors
and fteen touch sensors to monitor and control the position, force and velocity
between the object and the hand. The wearer also can feel the prosthesis as specic
aerent nerves are stimulated to give natural sensory feedback. By using eerent
nerves as the control channels, the system will interpret the user's intention of
grasp selection or grasping force. However, it is possible that this control method
will cause discomfort to the users as it requires surgery, in comparison with the
SEMG that is more exible to perform. Also, the control algorithm of the device
consisting of high and low level control would require more complex circuitry for
the real time implementation.Chapter 2 Review of Prosthetic Hands 17
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Figure 2.12: The TBMs' adaptive grasp system [Dechev et al., 2001]
2.4.3 The Toronto/Bloorview Macmillan Hand
A hand prosthesis has been specically designed for children in the 7 - 11 years
group age at the University of Toronto and the Bloorview MacMillan Centre. The
Toronto/Bloorview Macmillan (TBM) hand [Dechev et al., 2001] is a ve ngered
(four ngers and a thumb) that used mechanical approach in performing the grasp.
The adaptive grasp system used no sensors or electronics devices, instead springs
are used. The hand is actuated using a single motor and the ve digits are each
connected to an extension spring. All the springs are connected to solid body
which is connected to the actuator. To grasp an object, the digits will ex inwards
independently and conform the shape of the object.
2.5 Control strategies for the externally powered
prosthesis
The control algorithm has become one of the important criteria in the prosthetic
hand design. The conventional control method used a mechanical tool to power
and control the prosthesis. Nowadays, the natural control channels have become
most popular in controlling the prosthesis.Chapter 2 Review of Prosthetic Hands 18
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Figure 2.13: Structure of a skeletal muscle
2.5.1 Surface electromyographic control
The most widely used control channel is via surface electromyographic (SEMG)
signal. An SEMG-based control system for prosthesis application will be described
in detail in Chapter 3.
Electromyography (EMG) is used to evaluate and record the electrical activity of
skeletal muscles during their contraction. As mentioned earlier in Chapter 1, it can
be divided into two types. Needle EMG involves inserting a needle through the skin
into a muscle and provides information about a single muscle bre. Surface EMG
involves placing electrodes on the skin overlying the muscle to detect the electrical
activity and provide information about the overall muscle function. Surface EMG
is the most common method of measurement because it can be conducted with
minimal risk to the subject.
Muscle consists of many individual bres which vary in length, shape and width.
Bundles of bres (fasciculi) are bound together by connective tissue covering. The
whole muscles are formed by groups of fasciculi that are bound together. The
combination of a single alpha motor neuron and all the muscle bres it activates
is called motor unit (MU) (Figure 2.13). The muscle bres are located near its
motor unit. However the MUs overlap other parts of a muscle. The number of
bres per MU and the MUs size varies depending on the muscle's function. For
example; eyes are organized into smaller MU and have about 10 bres per motor
unit while the quadriceps muscles are organized into larger MUs with about 2000
bres per motor unit.
The contraction of the muscle is controlled by central nervous system (CNS) and
the concept is shown in Figure 2.14. The muscle bres are activated by neurons
whose cell bodies are located in the spinal cord. The nerve bres of the neurons
leave the spinal cord and distributed to the motor nerve which will cause theChapter 2 Review of Prosthetic Hands 19
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Figure 2.14: A schematic representation of basic motor control mechanisms
and of the motor unit and its components
activation of muscle bres. As the signal propagates along its surface and the
the bre twitches, a muscle bre is depolarized. This depolarization generates an
electrical activity at the area of the muscle bres and is called muscle bre action
potential. The muscle bre action potentials from all the muscle bres of each
motor unit are combined and produce a motor unit action potential (MUAP).
The summation of the electrical activities created by each motor unit is called
electromyography (EMG) signal (Figure 2.15).
The degree of tension during muscle contraction depends on two factors: recruit-
ment and ring rate of the MUs. The recruitment of the MUs are depend on the
size factor. Smaller MUs are recruited rst during muscle contraction. Smaller
MUs have fewer muscle bres and low threshold to activate. Larger MUs are pro-
gressively recruited as the demand for tension increased. The smaller MUs are
also slow units, compared to larger MUs that are composed of fast twitch bres.
The second factor is the ring rate. Dierent MUs have dierent rate where slower
units have lower ring rate. The force of tension is increases with the increase of
the ring rate.Chapter 2 Review of Prosthetic Hands 20
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Figure 2.15: The resultant EMG signal are the summation of the MUAP,
generated from four muscular bres [Delsys, 2009]
SEMG signals can be detected using electrodes. The amplitude of the surface
EMG signal varies from a V to a low mV range (0.2mV) and can have a fre-
quency content up to 2 kHz, and these properties are dependant on the intensity
of a muscle activity. Normally, the signals will be amplied where a dierential
amplier is typically used. The signals are often ltered, where the low and high
frequencies, or other possible artifacts are eliminated to get a smoother signal.
Then the EMG signals are processed and there are various methods have been
used in analyzing them. One common method is to rectify and average the signal.
SEMG has been used widely in many applications. Generally, it has been used
clinically in neurological and neuromuscular problems. It is also been used by
clinicians in biofeedback and ergonomic assessments. EMG is also used in many
research laboratories including biomechanics, motor control, movement disorder,
gait analysis, exercise physiology and also to control powered upper limb prosthe-
ses.
2.5.2 Mechanomyography control
Mechanomyography (MMG) is an acoustic myography where it detects the sound
of a muscle contracting. The MMG-based method is almost similar to the EMG-
based method except that the MMG has lower frequency range where, typically
it is bandpass ltered at 5 - 100Hz where EMG is ltered at 10 - 500Hz [PerryChapter 2 Review of Prosthetic Hands 21
et al., 2001]. Silva et al. [2004, 2003b,a] has investigated the use of muscle sounds
or MMG to activate and control the prosthesis where a silicon-embedded MMG
sensors are developed for the detection of the MMG signals. They were using
root-mean square values based detection and root-mean square values based clas-
sication for the signal detection and classication. They also found that the
control method used could provide adequate information for the detection and
classication of muscle activity like SEMG based system. The drawback of this
method is with a very low frequency range, it is prone to acquire noise signal
during the acquisition process.
2.5.3 Nerve control
Another method of control is by using the nerve. Electrodes are implanted in the
targeted eerent nerve that will send a signal to the brain. The aerent nerve will
be stimulated and communicate with the articial hand [Carrozza et al., 2003,
2002b, 2006]. However this method is dicult to implement as it involves the
expert skills of a surgeon before it can be performed. Also, this method is more
costly compared to the previous two methods mentioned above.
2.6 Summary
Current developments of prosthetic hands have been described in this chapter.
From the comparison between the commercial and research devices, it can be
seen that an integration of extra numerous features, whilst preserving the life like
appearance, has been achieved in prototype form.Chapter 3
Review of Electromyographic
Control Systems
This chapter gives an overview of electromyographic control systems, with an
emphasis on pattern recognition control. The various methods used in the dierent
stages of the pattern recognition based control system are reviewed. The non-
pattern recognition based control is also discussed.
3.1 Electromyographic Control
The concept of using EMG for prosthesis control started in the 1940s. Electromyo-
graphic control is when the signal is used as the input for the control of powered
prostheses. The signal is used to select and modulate a function of a multifunction
prosthesis [Roberto Merletti, 2004].
As described in Chapter 1, there are two types of EMG; needle and surface EMG.
Hargrove et al. [2007] had carried out an investigation to compare the performance
of these two types of EMG for prostheses control application. In the investigation,
both signals were acquired simultaneously and processed using the same methods.
They found that both EMG types gave high classication accuracies which is
between 95% to 99%. Even though there is no dierence between SEMG and
needle EMG in terms of accuracy, SEMG is the most preferred method as it is
non-invasive and more convenient to use.
Figure 3.1 shows the block diagram presenting the relationship between normal and
electromyographic control system. For the amputees, the natural motor control
22Chapter 3 Review of Electromyographic Control Systems 23
CNS MUSCLE JOINT OUTPUT
CONTROL PROSTHESIS
Portion of system removed by 
amputation
Visual and auditory feedback
Proprioceptive feedback
Figure 3.1: Block diagram presenting relationship between normal and myo-
electric control system (shaded area is removed by amputation)[Parker et al.,
2006]
system which consist of the joint and the output (the shaded area in the diagram)
are replaced with the control mechanism and the prosthesis respectively. The
SEMG signal generated from the remnant muscle is used as the control channel
of the system.
Generally, electromyographic control can be divided into two; non-pattern recog-
nition based and pattern recognition based. Non-pattern recognition based control
is basically constructed using hierarchical control, threshold control, proportional
control or nite state machines. Most of the commercial prosthetic hands use this
method which is either amplitude or level coding of the EMG signal generated dur-
ing an active control muscle of the user to control the prostheses. For example, the
Otto Bock two-state system incorporated this technique to assign each prosthetic
limb function to a separate control muscle [Scott & Parker, 1988; Parker et al.,
2006; Roberto Merletti, 2004]. The operation of the system is shown in Figure
3.2a where each muscle is assigned with its threshold value (S1 for muscle 1 and
S2 for muscle 2). When the muscle exceeds the cuto threshold, it is activated
and the associated function is selected. Only one function will be activated at one
time and this is implemented using appropriate logic circuitry. Figure 3.2b shows
another amplitude coding technique that is based on the dierent level of muscle
contraction. A xed threshold value is assigned to dierent level and each level is
assigned to dierent function. The drawback of this method is the function per
muscle is limited to two. In proportional control method, the strength of the mus-
cle contraction controls the speed of the performed function and the Boston elbowChapter 3 Review of Electromyographic Control Systems 24
Figure 3.2: (a)Two channel amplitude coded ,(b)One channel amplitude coded
myoelectric control[Parker et al., 2006]
used this type of control. The hierarchical control format has been described in
Chapter 2. Carrozza et.al [Carozza et al., 2005] have used Finite State Machine
(FSM) to control the opening and closing of the hand prosthesis. The grasping
force during the closure is also controlled using FSM.
The state of the art of pattern recognition based control is described in the next
section.
3.2 ECS based on pattern recognition
Even though the SEMG signals are stochastic, repeatable EMG patterns can be
observed from dierent muscle contractions and this also can be seen in amputees,
even though they may not have fully functioning muscles. SEMG also has been
proven as an eective input for powered upper limb prostheses [Englehart & Hud-
gins, 2003; Hargrove et al., 2007].
Pattern recognition aims to classify data based on statistical information extracted
from the patterns and determines the control signal that will select the nal output
of the device operation. Figure 3.3 shows the basic components in an ECS based
on pattern recognition. Three main modules of ECS are: pre-processing,feature
extraction and classication.
Control channels 1 and 2 labeled in Figure 3.3, are the SEMG signals. The SEMG
data are acquired from the surface of the skin by placing electrodes over the per-
son's muscle (Figure 3.4). Dierent muscles responsible on dierent movement.Chapter 3 Review of Electromyographic Control Systems 25
Figure 3.3: The block diagram of an electromyography control system (ECS)
based on pattern recognition
Therefore, the electrode must be placed on the muscles that are to be investigated.
For example, the extensor and exor muscles are responsible for wrist exion/ex-
tension movement. It is important to place the electrode on the accurate location
as correct placement of the electrodes will give strong SEMG signals and gives a
good distinction between movements. Inaccurate placement of the electrodes will
aect the performance of the classier [Hargrove et al., 2006, 2007]. Normally, the
electrodes are accompanied by miniature pre-ampliers. In common practise, the
EMG signal will be amplied, usually using an instrumentation amplier with a
gain of 1000 - 5000 [Ajiboye & Weir, 2005; Karlik et al., 2003; Chu et al., 2006;
Hudgins et al., 1993; Y. Al-Assaf, 2005]. The SEMG signals are then being l-
tered using bandpass lter (low cut-o frequencies,fcl = 450 - 500Hz and high
cut-o frequencies,fch = 10 - 20Hz) to eliminate noise before transferred to the
ECS [Ajiboye & Weir, 2005; Karlik et al., 2003; Chu et al., 2006; Chen et al., 2006;
Y. Al-Assaf, 2005]. The SEMG signal is then sampled digitally, where in common
practice the sampling frequency is above 1000Hz [Ajiboye & Weir, 2005; Karlik
et al., 2003; Chu et al., 2006; Hudgins et al., 1993; Chen et al., 2006; Y. Al-Assaf,
2005].
The ECS block diagram shown in Figure 3.3 is the basic implementation of the
control system. Each module plays important role for the success of the system
but they can be adjusted (merge or omit) depend on the implementation of the
system. Another important factor to consider is the computation time for this
control system. Scott et. al [Scott, 1984] has reported that 200 to 300 ms is a
clinically recognized maximum delay for the response of the prosthesis. Therefore,
the calculation of the control system that is within 300ms is generally adopted to
avoid a longer delay [Chan et al., Sept. 2000; Chu et al., 2006; Chan & Englehart,
2005]Chapter 3 Review of Electromyographic Control Systems 26
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Figure 3.4: The acquisition of SEMG signal using surface electrodes [Delsys,
2009]
3.2.1 Pre-Processing
There have been various techniques in handling the EMG data before feature ex-
traction. Usually, data segmentation will be used and could improve the accuracy
and response time of the controller. For each divided segment, a feature set (sec-
tion 3.2.2) will be computed which will be then fed to the classier (section 3.2.3)
and these processes are continuous. The data length and the windowing technique
are two main points that need to be considered.
Englehart & Hudgins [2003] had investigated the eect of dierent length on the
classication error. Figure 3.5 demonstrates that the classication error is related
to the segment length, where the length is varied between 32ms and 256ms. The
transient and steady state shown in the plot are the states in SEMG signal. A
transient state is when a muscle goes from a relax to voluntary contraction level
and steady state is where the contraction in a muscle is maintained. There will
be also a trade o between the accuracy and response time. Farina & Merletti
[2000] showed a segment length that is less than 128ms will leads to high bias and
variance of features that will degrade the classier's performance.
There are two main methods used for the data windowing; adjacent and overlap-
ping. The adjacent windowing technique (Figure 3.6), is where adjacent disjoint
segments with predened length are used feature extraction and classication af-
ter a certain processing delay, . The  depicted in Figures 3.6 and 3.7 is the
time required to calculate the feature and classify the data. The drawback of thisChapter 3 Review of Electromyographic Control Systems 27
Figure 3.5: Classication error compared to segment length[Englehart et al.,
2001]
technique, is that the  is just a small portion of the segment that will cause the
processor to stay at idle condition during the remaining time of the segment length.
This matter is overcome with overlapped windowing technique (Figure 3.7). With
this technique, the new segment slides over the current segment and the incre-
ment time is less than the segment length. For example, Hudgins et al. [1993]
processed the signal in every 40 ms in a 240ms adjacent window. Yonghong et al.
[2005] implemented the same technique with 32ms window increment. Englehart
& Hudgins [2003] had reported that shorter segment increment produces a more
dense but semi-redundant stream of class decision that could improve response
time and accuracy. The overlapping windowing technique is the most common
method due to the ability to preserve the important information in the EMG sig-
nals where there is limited time for signal processing then the non-overlapping
technique is used.
3.2.2 Feature Extraction
The feature extraction process is where the raw SEMG signal is represented into
a feature vector which is then used to separate the desired output, e.g. dierent
hand grip postures. The success of the ECS based on pattern recognition depends
on the selection and extraction of features [Asghari Oskoei & Hu, 2007]. The
feature extraction techniques can be grouped into two main categories:Chapter 3 Review of Electromyographic Control Systems 28
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Figure 3.6: Adjacent windowing technique. W: Window, D:Delay,:time delay
[Englehart & Hudgins, 2003]
3.2.2.1 Time domain feature
The time domain (TD) feature is based on the signal amplitude and is the most
common method used in ECS for upper limb prosthesis application as the compu-
tational complexity is low. The features can be obtained in a short time using a
simple algorithm executed in a microprocessor. The amplitude gives an indication
of either activation level, duration or force of the SEMG signal which is inuenced
by the following factors: the location of the electrodes, the tissues' thickness, the
system used to acquire the signal and the distribution of motor units in muscle
bre [Asghari Oskoei & Hu, 2007].
Various methods have been reported for feature extraction of the SEMG. Hudgins
et. al. [Hudgins et al., 1993] used mean absolute value (MAV), mean absolute
value slope, slope sign changes (SSC), waveform lengths and zero crossings (ZC).
Chan et. al [Chan et al., Sept. 2000] also used the same features as them except
SSC. Other reported features are variance, root mean square (RMS), mean and
standard deviation (SD) [Ajiboye & Weir, 2005; Yonghong et al., 2005]
Autoregressive (AR) models also have been used for the EMG classication [Graupe
et al., 1982; Zardoshti-Kermani et al., 1995; Karlik et al., 2003]. With AR, the
value at the current point of a time series of an EMG signal can be predictedChapter 3 Review of Electromyographic Control Systems 29
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Figure 3.7: Overlapped windowing technique. R: Window, D:Delay,:time
delay[Englehart & Hudgins, 2003]
by several previous points. This method can produce high separability between
dierent limb functions, however it requires a more complicated computation pro-
cess.
3.2.2.2 Time-frequency domain feature
The time-frequency domain (TFD) method is to overcome the limitation of the
TD method, which is acceptable for a stationary signal. However, the EMG signal
is a non-stationary signal which show a high frequency characteristics and with
TFD, the performance of the control system could be increased.
Some of the methods used in TFD are short time Fourier transform (STFT),
wavelet transform (WT) and wavelet packet transform (WPT). In general, the
dierence between these methods are the partitioning of the time-scale axis (Figure
3.8). In short-time Fourier transform (STFT), the EMG signal is mapped into
frequency components that present within an interval of time (window). A suitable
window size must be determined prior to this as small window will give good time
resolution but poor frequency resolution and vice versa. The partitioning ratio
of the STFT is xed: once specied, each cell has an identical aspect ratio. To
overcome the resolution problem in STFT, WT was developed [Polikar, 2007].Chapter 3 Review of Electromyographic Control Systems 30
The WT has a variable partitioning ratio where the aspect ratio of the cells varies
such that frequency resolution is proportional to centre frequency. WPT is the
generalization of the WT method allows the best adapted analysis of the signal.
WPT provides as adaptive partitioning - complete set of partitions are provided
as alternatives, and the best for a given application is selected [Englehart et al.,
2001].
Figure 3.8: Time frequency domain method. From left to right:
STFT,WT,WPT [Englehart et al., 1999a].
Englehart et al. [2001, 2000] has conducted a comparison between TD features
used by Hudgins Hudgins et al. [1993] and TFD methods. Based on the results
of the classication error, WPT was the most eective method. However, he also
suggested that there is no clearly superior method between them [Englehart et al.,
2001]. Chai et al. [1999] had used WT to discriminate between four motions: hand
grasp,hand extension, forearm supination and forearm pronation. Their system
has an average accuracy 90% by extracting twelve parameters from two channel
EMG signals and with the nature of the WT method, the system might have a
high computational time.
TFD method may cause high resolution representations and AR model yields high
dimensional feature vectors. However, these factors cause long processing time
and delays. To avoid these problems, dimensionality reduction was introduced
which reduce the dimensionality of the data while maintaining its discrimination
capability. This technique also helps to reduce memory requirement, as well as
the classiers' speed [Chu et al., 2006]. In general, there are two methods of
dimensionality reduction; feature selection and feature projection. There are many
strategies for feature selection, such as sequential forward selection, sequential
backward selection, simulated annealing and genetic algorithm [Asghari Oskoei
& Hu, 2007; Wang et al., 2006; Asghari Oskoei & Hu, 2006]. Feature projection
is mostly used when using the TFD method. WT produces many coecients toChapter 3 Review of Electromyographic Control Systems 31
represent time scale features and they need to be mapped into a lower dimension.
Principal component analysis (PCA) and linear discriminant analysis (LDA) are
the most commonly used method for feature projection [Chu et al., 2006; Englehart
et al., 2001, 1999b].
3.2.3 Classier
The information obtained during feature extraction will be then fed into a classier.
A classier should be able to map dierent patterns and match them appropriately.
An ecient classier should be able to classify patterns in a short duration to meet
the real-time constraint of prosthetics device. However, due to the nature of EMG
signal it is possible to see a large variation in the value of the feature used. This
variation may be due to the electrode placement or sweat.
In early EMG control systems, statistical classiers had been used widely until
about the mid-1980s [Roberto Merletti, 2004]. A statistical classier also known
as linear discriminant analysis (LDA) searches for feature vectors which best dis-
criminate amongst motion classes as opposed to those which best describe the
data [Martinez & Kak, 2001]. The LDA classier is simpler to implement and has
shown high classication accuracies [Asghari Oskoei & Hu, 2007; Farrell, 2005]
Then, the application of articial neural network (ANN) began to appear. ANN
has been used in most of the EMG classication systems reported in the literature
[Hudgins et al., 1993, 1994; Englehart et al., 1995c,b, 1998, 1999b, 2000, 2001;
Englehart & Hudgins, 2003; Ajiboye & Weir, 2005; Zhao et al., 2006a; Jingdong
et al., 2006]. An ANN consists of many simple processing units (neurons) that
can be globally programmed for computation. They are trainable and the main
advantage of the ANN is its ability to represent both linear and nonlinear rela-
tionships. Figure 3.9 shows one example of ECS that using ANN. A variety of
ANN architecture and learning algorithm have been conducted; such as simple
feedforward multilayer perceptrons [Hudgins et al., 1994, 1993; Del Boca & Park,
1994], dynamic networks [Englehart et al., 1995a] and self organizing feature maps
[Christodoulou & Pattichis, 1995].
Another technique that has been used for the classication of the SEMG data
is fuzzy logic (FL) system. The most useful property of fuzzy logic is that it
provides a simple way to arrive at a denite conclusion just based upon imprecise
input information which mimics how a person would make a decision. Due toChapter 3 Review of Electromyographic Control Systems 32
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Figure 3.9: Electromyographic control system using ANN as the classier
[Parker et al., 2006]
the biomedical signal characteristics, which is not always repeatable, FL is an
advantageous control technique in biomedical signal processing and classication.
Basically, FL system consists of three stages: input, processing and output stages.
Figure 3.10 shows the general block diagram of FL system. At the input stage,
also known as fuzzication module, the signal features used will be converted into
grade or signals (for example OFF. LOW, MED and HIGH in Figure 3.11) that is
called membership function (MF) and truth values. At the processing stage which
is also called the inference rule base stage, all the information will be processed
based on the rules generated in IF-THEN form. The appropriate rule will be
invoked at this stage, generates result for each rule which are then combines the
results of the rules. The output stage which also has its own membership function
will then convert the combined results obtained at the previous stage into one nal
output value. This procedure is called defuzzication.
Weir & Ajiboye [2003]; Ajiboye & Weir [2005] used a heuristic fuzzy logic approach
to multiple EMG pattern recognition for multiple prosthesis control. Chan et al.
[Sept. 2000] also used FL to classify single channel EMG signal for multifunctional
prosthesis control. Some FL systems used in conjunction with a neural network to
classify the EMG data. Karlik et al. [2003]; Del Boca & Park [1994] have reported
the used of this method, where the EMG features are clustered using fuzzy c-meansChapter 3 Review of Electromyographic Control Systems 33
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Figure 3.10: General block diagram of a fuzzy logic system
algorithm which is then presented to ANN system. All the FL systems reported
high classication accuracies which is about 95%.
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Figure 3.11: EMG histogram used in the construction of the input member-
ship function for the FL system [Ajiboye & Weir, 2005]
3.2.4 The Control System
Table 3.1 summarizes some of the methods used for feature extraction and classi-
cation processes for the ECS based on pattern recognition for upper-limb prosthesis
control. It can be seen that the methods used for the feature extraction varies be-
tween TD and TFD method, and it has been reported that there is no superior
method between these two processing techniques. As for the classier, ANN is the
most used method to discriminate the nal output of the system.
The most right column of the table shows the accuracy of the electromyographic
control systems and the success of the system depends upon the classication
accuracy. It measures the number of correct classication achieved for a number
of trials. From the table, it shows that all accuracies are between 90% to 98%.Chapter 3 Review of Electromyographic Control Systems 34
Table 3.1: Summary of ECS based on pattern recognition for upper limb
prosthesis
Reference Feature Classier Accuracy
Englehart et al. [2001, 1999b] STFT,WT,WPT PCA/LDA 98%
Chu et al. [2006] WPT SOFM, PCA 97%
Karlik et al. [2003] AR FC-ANN 96.1%
Chan et al. [Sept. 2000] MAV,ZC,waveform
length
FL 95%
Zhao et al. [2006a]; Jingdong
et al. [2006]
SampEn,WT, in-
tegrated EMG
ANN 95%
Yonghong et al. [2005] AR, RMS GMM 95%
Y. Al-Assaf [2005] MAV,WT,PCA ANN 94.9%
Weir & Ajiboye [2003]; Aji-
boye & Weir [2005]
mean,SD FL 94%
Englehart et al. [1999a] STFT,WT,WPT MLP-ANN/LDA 93.7%
Hudgins et al. [1993] MAV, ZC, SSC,
waveform length
ANN 90%
However, the percentage obtained by each study is subjective. It is depends upon
the number of control channels used and the number of nal movements that
want to be achieved. For example, Englehart et al. [2001, 1999b] investigated four
channel SEMG signal in classifying four types of upper limb motion by using the
TFD method. With a single EMG channel used to control one limb motion it is
expected to have a high classication accuracy. In comparison with Hudgins et al.
[1993] that used two SEMG channel in discriminating four types of upper limb
motion, a lower classication rate was obtained. However, even though Ajiboye &
Weir [2005] also used four SEMG channels in their study but they have a lower
classication accuracy compared to the work of Englehart et al. [2001, 1999b].
This is possibly due to the feature used to extract the information from the SEMG
signal that might be not accurate enough in giving the best information.
Based on the information shown in Table 3.1, the misclassication of the system
can be determined. For example, for an ECS with 98% accuracy, it tells that in
one hundred trials, there are two times that the system misclassies the data (clas-
sication error, 2%) and gives an inaccurate output. Figure 3.12 shows projection
on numbers of the misclassication occur on certain number of trials.Chapter 3 Review of Electromyographic Control Systems 35
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Figure 3.12: The misclassication error projection for numbers of trial based
on the data in Table 3.1.
3.3 Summary
A SEMG control based system in controlling upper limb prosthesis has been re-
viewed. Two types of control system were discussed which are non-pattern recog-
nition and pattern recognition based. The review emphasized on the pattern
recognition based control system where various methods used in the application
are discussed. Continuous research in this eld is still needed in order to provide
a control system with a high classication rate. From the summary in Table 3.1,
it can be concluded that there are various factor that eect the performance of
the electromyogaphic control system. This includes the number of control chan-
nel used and also methods used in the feature extraction process. A reasonable
number of control channel with good feature extraction method will give a high
classication accuracy of the control system.Chapter 4
Moving Approximate Entropy
The chapter describes the theoretical basis of the approximate entropy and also the
motivation behind the chosen method. A brief explanation on entropy is given.
An explanation on another entropy, sample entropy is described which is then
being compared with approximate entropy.
4.1 Entropy
Entropy is a word to describe the amount of a 'disorder' of a system. It was intro-
duced by Claude E. Shannon [Shannon, 1948] and is dened as a measure of the
average information content associated with a random outcome. An understand-
ing of information entropy relates to the amount of uncertainty about an event
associated with a given probability distribution. Basically, the entropy measure
is continuous where if all the outcomes are equally likely, then entropy should be
maximal and if the outcome is certainty, then the entropy is zero.
There are dierent kinds of measures of entropy and they depend upon the applica-
tion. Some of the entropies are Shannon entropy, Kolmogorov entropy, Kolmogorov-
Sinai entropy, maximum entropy and dierential entropy [Schug et al., 2005; van
Drongelen et al., 2003; Samanta et al., 2004; Simpson, 1994; Gautama et al.,
2003]. All these entropies have been used for biomedical signal analysis. It has
been reported that ApEn is useful for pattern recognition application [Pincus
et al., 1996b]. This makes ApEn as the most suitable technique for this research
where in ECS; it uses the pattern information extracted from the SEMG signals
in determining the nal hand motion.
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4.2 Approximate Entropy
Approximate entropy (ApEn) was rst introduced by Pincus [Pincus, 1991] in
1991. It is a technique that can be used to quantify the irregularity of a signal
when applied to a short and noisy time series of data.
It has been reported that ApEn is particularly useful in nonlinear dynamic signals
(e.g. biosignals) and is applicable to noisy and short data length (between 100 and
5000 data points) [Pincus & Goldberger, 1994]. For example, Pincus used ApEn
to evaluate the heartbeat of infants to determine whether they were healthy or
sick [Pincus, 1991]. The evaluation showed that the sick infants had lower ApEn
compared to healthy infants. ApEn has been used mainly to analyze heart rate
variability [Pincus et al., 1993; Pincus & Viscarello, 1992; Pincus et al., 1991; Kalon
et al., 1997], endocrine hormone [Pincus et al., 1996b,a] and electroencephalogram
(EEG) signals [Ferenets et al., 2006]. Pincus et al. [1996b] has applied ApEn to a
nite (150) data length in investigating the pattern of two hormones to study the
aging process between young and old people.
There has been little research using ApEn on SEMG signals and the technique
has not been investigated for use with the control of a prosthesis. ApEn has
conrmed that the SEMG signal is a nonlinear deterministic signal and not just
a random signal [Meng et al., 2005, 2001]. Chen et al. [2006] have improvised the
standard ApEn algorithm and developed an improved ApEn algorithm to study
the supination and pronation of the forearm in thirty subjects. In their improvised
ApEn algorithm, the SEMG data was divided into clusters and the formed vector
sequence for the ApEn calculation were normalized. By normalizing the SEMG
data, they add additional process to the signal processing and this might increase
the processing time of the whole system.
4.2.1 The ApEn algorithm
Two input parameters are required, prior to the calculation of ApEn and they
are:(1) m, a positive integer as the embedding dimension of the vector to be formed
and (2) r, a lter factor. First, the m-vectors X(1);X(2);:::::::;X(N  m+1) are
formed, which can be dened by:
X(i) = [x(i);x(i + 1);::::;x(i + m   1)];i = 1;N   m + 1 (4.1)Chapter 4 Moving Approximate Entropy 38
Then, the distance between X(i)and X(j) are dened as:
d[X(i);X(j)] = max
k=0;m 1
[jx(i + k)   x(j + k)j] (4.2)
For each i = 1;(N   m + 1), the Cm
i (i) are calculated where:
C
m
r (i) =
number of d[X(i);X(j)]  r
N   m + 1
(4.3)
Then the quantity of m(r) is calculated as:

m(r) =
1
N   m + 1
N m+1 X
i=1
lnC
m
r (i) (4.4)
The above process is repeated for m+1 and the ApEn is nally obtained as follow:
ApEn(m;r;N) = 
m(r)   
m+1(r) (4.5)
The result from ApEn calculations is a positive real number, where a smaller value
shows high regularity while a large value shows low regularity in the data [Pincus &
Singer, 1996; Pincus, 1991]. For example, a series of the same numbers will return
ApEn = 0 and a continuous sine waveform will return a lower ApEn compared to
series of random numbers.
The owchart shown in Figure 4.1 shows the step by step procedure of the ApEn
calculation. To give a clear understanding of the calculation, an example is given
and shown in Appendix A.
It has been tested on dierent data sets such as random and regular numbers.
Table 4.1 shows the results of the ApEn calculation for dierent data sets. For
each calculation, the data length is set to 200 data points, the same data length
used in this work.
Table 4.1: The results of ApEn calculation for various sets of numbers
Numbers ApEn
Constant numbers (1) 0
Regular numbers 1 (1;2;3;::::;200) 0:0049
Regular numbers 2 (triangular waveform) 6:48X10 5
Random numbers 1 (between 0 and 1) 0:9581
Random numbers 2 (between 10 and 500) 0:9342Chapter 4 Moving Approximate Entropy 39
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Figure 4.1: The 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Figure 4.2: The ApEn evaluation during wrist extension for m = 2 and dif-
ferent r; (ii)r = 0:1SD, (iii)r = 0:2SD and (iv)r = 0:25SD
In this research, the appropriate values for the embedding dimension, m and the
lter factor, r are chosen. The ApEn algorithm was tested on the raw SEMG data
for a range of m values (1 to 3) and r values (0.1, 0.2 and 0.25 of the standard
deviation of the data) with 200 points data length. The SEMG data was acquired
from one healthy subject during wrist exion and extension. Figure 4.2 shows the
result of the ApEn evaluation on the signal obtained during wrist extension with
m xed to 2 and r varies from 0:1 to 0:25 of the SD of the data. Appendix B
shows the evaluation results for m = 1 and m = 3 at dierent r values.
Careful selection of the r value must be considered as a larger r will cause loss
of useful information in the signal and a smaller r will cause unstable probability
estimation due to the conditioning part in equation 4.3. As for the m value, lower
m will give higher ApEn values which shows more irregularity in the data and
higher m will cause lower ApEn values. Also, a value of m = 1 means that a dataChapter 4 Moving Approximate Entropy 41
is compared with itself and therefore is of no practical use. Table 4.2 shows the
statistical analysis of the ApEn evaluation carried out. From the evaluation, it
had been observed that m = 2 and r = 0:25SD are the suitable parameters for
the SEMG data. They were consistent with the parameters suggested by Pincus
[Pincus, 1991]. The evaluation was also carried out on the rectied SEMG data
and the signal appeared to have little eect in the ApEn values, so the raw signals
are used. The algorithm was implemented using MATLAB 7.0.
Table 4.2: Statistical analysis of the ApEn evaluation on dierent m (1;2 and
3) and r(0:1;0:2 and 0:25 of the SD)
average min max SD
0.10SD 1.491 0.839 1.816 0.204
m = 1 0.20SD 1.254 0.529 1.617 0.217
0.25SD 1.113 0.270 1.552 0.232
0.10SD 0.526 0.160 0.981 0.138
m = 2 0.20SD 0.662 0.339 0.981 0.080
0.25SD 0.638 0.195 0.981 0.102
0.10SD 0.222 0.005 0.736 0.147
m = 3 0.20SD 0.441 0.144 0.736 0.080
0.25SD 0.475 0.172 0.736 0.076
Further information about ApEn can be found in the previous research [Pincus,
1991; Pincus et al., 1993; Pincus & Viscarello, 1992; Pincus et al., 1991].
4.3 Moving approximate entropy
SEMG signals consist of a long data series of data and based on the literature
discussed in Chapter 3, section 3.2.1 which discusses the pre-processing of the
signals in ECS, it is important to determine the right approach at this stage
because it will aect how much information can be extracted from the SEMG
signal, as well as the computation time. The overlapping windowing technique in
pre-processing the data has became the most widely used method as it preserves
the information in the signal. It has been reported that ApEn works accurately
in a short nite data series. Since the SEMG data is long data series, in normal
practice they are divided into shorter segments. Also, to preserve the information
in it, the overlapping windowing technique as mentioned above is used when being
analyzed.Chapter 4 Moving Approximate Entropy 42
Moving approximate entropy was developed where ApEn is calculated repeatedly
when a moving window is applied to the SEMG data. A literature search showed
that this technique has not been used for signal analysis in any application. Figure
4.3 shows the arrangement where each window is set to a x data samples and
they are overlap with a delay one between the rst and the next window. The
number of the data samples, N of the window depends upon the sampling rate of
the acquisition of the SEMG signal.
Figure 4.3: Adjacent overlapping window with delay 1
4.4 Recurrence Plot
Recurrence plots (RP) were rst introduced by Eckmann et al. [1987]. This method
is used to detect recurrence patterns and non-stationary sequence in dynamic
system. Fundamentally, it is a graphical representation of the distances matrix
DI;J, with dark pixels located at coordinates (I, J) correspond to a distance value
between I and J vectors which are lower than a predetermined cut-o (or radius)
[Belaire-Franch et al., 2002]. The plot is symmetric (DI;J = DJ;I), and the main
diagonal is always darkened (DI;J = 0, I=J). The mathematical expression for the
RP can be written as:
R(i;j) = ("i   kxi   xjk);xi b <
m;i;j = 1:::N (4.6)
Where N is the number of data values, xi ; "i is a threshold distance; k  k is a
norm and is the Heaviside function [Marwan, 2003]. Prior to determining a plot,
the following parameters must be chosen: (1) the embedding dimension, m, (2)
the time delay, and (3) the threshold, ".Chapter 4 Moving Approximate Entropy 43
Recurrence quantication analysis (RQA), proposed by Webber and Zbilut [Web-
ber & Zbilut, 1994] is used to quantify complex structures. Based on measures in
RQA, RP have become very popular and have been applied to various experimen-
tal data [Thiel et al., 2004]. The advantage of RP is that their structure instantly
shows whether a system is periodic or chaotic. The structural changes in data
or similarities in pattern across a time series can be seen from the plots. Figure
4.4 shows some examples of the RP patterns for dierent time series. All the
RP analysis on the EMG waveforms were carried out using the recurrence plots
toolbox developed by Marwan [Marwan, 2003] and was run in MATLAB 7.0.
4.5 Comparison with sample entropy
Although ApEn is widely used, it has been reported that it is inherently biased
because self matches are counted to avoid the occurrence of natural logarithm
of zero in the calculation [Richman & Moorman, 2000; Lake et al., 2002; Chen
et al., 2005]. Sample entropy (SampEn) was introduced by Richman and Moorman
[Richman & Moorman, 2000] to overcome this limitation. Both methods, ApEn
and SampEn have similar algorithm and are easily implemented. There is only
one small dierence between these two entropies.
Like ApEn, SampEn requires two parameters prior to the calculation which are:
the embedding dimension, m and the lter factor, r. From a time series of
X(1);X(2);:::::::;X(N   m + 1), SampEn is dened by forming m-vectors:
X(i) = [x(i);x(i + 1);::::;x(i + m   1)];i = 1;N   m + 1 (4.7)
Then, the distance between X(i)and X(j) are dened as:
d[X(i);X(j)] = max
k=0;m 1
[jx(i + k)   x(j + k)j];i 6= j (4.8)
and this is where SampEn is dierent from ApEn (refer Equation 4.2) where in
ApEn, i = j is included in the calculation but not in SampEn.
Let Nm(i) be the number of vectors Xm(j) within r of Xm(i), dene the function:
B
m
r (i) =
Nm(i)
N   m   1
;B
m(r) =
1
(N   m)
N m X
i=1
B
m
r (i) (4.9)Chapter 4 Moving Approximate Entropy 44
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Figure 4.4: Four examples (I,II,III and IV) of recurrence plots analysis: top
row - time series; bottom row - corresponding recurrence plots. From (I) to
(IV): uncorrelated stochastic data (noise/random), constant number, periodic
and harmonic oscillation with dierent amplitudes (sinusoidal waveforms). The
data has a length of 200, embedding dimension, m = 2, the threshold, " = 5
(rst three signals) and " =0.1 (sine wave)Chapter 4 Moving Approximate Entropy 45
The above process is repeated for m + 1 and the following function is dened:
B
m+1(r) =
1
N   m
N m X
i=1
B
m+1
r (i) (4.10)
and the SampEn is nally obtained as follow:
SampEn(m;r;N) =  ln(B
m+1(r)=B
m(r)) (4.11)
There is one example of the use of SampEn in EMG control; it had been used
by Zhao et al. [2006a]; Jingdong et al. [2006] to identify exion and extension
of the thumb, the index nger and the middle nger from three SEMG channels
measured from the exor digitorum profundus, exor pollicis longus and extensor
digitorum. Besides SampEn, they also used WT in processing the signals and this
adds to the calculation time of the whole system as both methods require longer
calculation time.
4.6 Summary
A new method, moving ApEn has been developed for the application to the elec-
tromyographic control system for upper limb prosthetic application. The ndings
from the investigation on SEMG signals using the proposed method will be dis-
cussed further in Chapter 5. A comparison between ApEn and SampEn, as well
as RP analysis will also be presented in the next chapter.Chapter 5
Feature Extraction of the Surface
EMG Signal
This chapter describes an investigation of the surface EMG (SEMG) signals of
the wrist muscles during dierent movements at a dierent speeds. The study
focuses on the wrist muscles which are the exor carpi ulnaris (FCU) and extensor
carpi radialis (ECR). This pair of antagonistic muscles were selected as they are
the muscles responsible for the wrist movement. Typically the exor and extensor
muscles are used in the SEMG control application [Ajiboye & Weir, 2005; Karlik
et al., 2003; Zhao et al., 2006b; Asghari Oskoei & Hu, 2006]
The signals were then analyzed using moving ApEn as the main method. Other
features had also been used in this investigation and they were sample entropy
(SampEn), number of zero crossings (NoZC), standard deviation (SD),mean ab-
solute value (MAV), skewness and kurtosis.
An overview of the protocol and experimental setup procedures are described, in-
cluding selection of the participants in the investigation, overview of the equipment
and description of the extraction process.
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5.1 Method
5.1.1 Subjects
Twenty subjects (10 men and 10 women) aged between 20 and 30 years (mean:
25.4, SD: + 2.28) agreed to participate in the study. The participants were re-
cruited from the University of Southampton's student population and they were
either right or left hand dominant. Table 5.1 shows the demographic data of the
subjects.
Table 5.1: Demographic data of the subjects
Subject Sex Age Dominant hand
A Female 29 Right
B Female 26 Left
C Female 28 Right
D Female 27 Left
E Male 23 Right
F Male 25 Right
G Female 28 Right
H Male 30 Left
I Female 23 Right
J Female 27 Left
K Female 21 Left
L Male 24 Left
M Female 27 Right
N Female 24 Left
O Male 24 Left
P Male 24 Left
Q Male 26 Right
R Male 25 Right
S Male 23 Left
T Male 25 Right
The exclusion criteria for this study were as follows: No history of nerve or physi-
ological injury, no present discomfort that may eect the movement of their upper
limb and no allergies to sticky plasters or cleansing wipes. The experimental pro-
tocol was approved by ethics committee of School of Electronics and Computer
Science at the University of Southampton. A written consent was obtained from
each subject prior to testing.Chapter 5 Feature Extraction of the Surface EMG Signal 48
5.1.2 Experimental procedure
This investigation focused on the wrist muscles and the participants were asked to
do movements that related to these particular muscles. The SEMG signals were
acquired using Noraxon Ag/AgCl dual electrodes (diameter 15 mm, centre spacing
20mm). They were placed on the forearm above FCU and ECR with a reference
electrode at the elbow. To obtain a stable and maximum pickup area of the surface
EMG signals [Hargrove et al., 2006] from each subject, the procedure for surface
electrodes placement were referred from SENIAM [Hermans et al., 1999]. Prior to
the electrode placement, the electrodes sites were prepared by cleansing the skin
surface with rubbing alcohol to reduce the impedance at the surface. The protocol
to determine the correct arrangement for the electrodes are as follows:
1. Flexor carpi ulnaris
The dual electrodes were positioned on a line from the medial epicondyle of
the elbow to the radial styloid (base of the thumb), one third distant from
the medial epicondyle (Figure 5.1 (left)).
2. Extensor carpi radialis
The dual electrodes were positioned on a line from the lateral epicondyle
of the elbow to the 2ndmetacarpal, 50 - 70 mm distant from the lateral
epicondyle (Figure 5.1 (right)).
The test was conducted with the subject sitting in a chair that was positioned
parallel with the table and Figure 5.2 shows the experimental setup for the study.
The SEMG data were recorded during three tasks, which were wrist exion/ ex-
tension, co-contraction and isometric contraction. The subjects were rst seated
with their elbow bent at ninety degrees. They were asked to do the three tasks
at a speed of 60 beep per minute (bpm) where the speed was controlled using a
metronome. The subjects were rst instructed to perform wrist exion and ex-
tension with their dominant hands. Once the contraction was established, the
SEMG data were recorded. Then, they were asked to co-contract their muscles.
Isometric contraction of the exor and extensor was then achieved by restraining
a subject forearm/ hand at on a table. The SEMG signals were sampled at 1,500
Hz using a Noraxon 2400T in conjunction with Noraxon Myoresearch XP Master
Edition (version 1.06) software. Table 5.2 shows the summary of the procedure of
the experiment.Chapter 5 Feature Extraction of the Surface EMG Signal 49
Figure 5.1: SEMG electrodes placements for FCU (left) and ECR (right)
Table 5.2: The protocol of the investigation on the SEMG of the upper limb
Movement Clinical test Movement speed (bpm)
Wrist ex-
ion/ exten-
sion
The subjects voluntary exes and
extends their wrist
60 90 120 max
Co-
contraction
The subject will close the hand
with maximum voluntary con-
traction. The subject can feel
that both exor and extensor
muscles are tensed at the same
time
60 90 120 max
Isometric Restrain the forearm and hand
at on a table
60 90 120 max
Each trial was repeated for another three times at a dierent speed, which were
90bpm, 120bpm and maximum speed. During the maximum speed, the partici-
pants were asked to perform the task based on their ability. To avoid fatigue, each
trial was spaced. The SEMG were recorded about 5 s after the task was initiated
and ended immediately after the subject was asked to stop. Each recording was
about 10 s to 15 s which contained about 5 to 10 muscle contractions. For one
subject, there are twenty four recorded SEMG data sets (2 muscles  4 speeds 
3 movements).Chapter 5 Feature Extraction of the Surface EMG Signal 50
Figure 5.2: The experimental setup and the actual placements of the elec-
trodes for FCU (top) and ECR (bottom)
5.1.3 Data Analysis
All the raw SEMG data were post-processed using the moving ApEn algorithm
and other methods. The investigation focus on the analysis of the moving ApEn
and other methods were used to support the performance of the moving ApEn.
The whole data was rst divided into overlapping segments of length 200 data
values (N), which is about 130 ms duration with a delay of one point to the
next segment. For prosthetic control, calculations should be less than 200ms.
Otherwise the delay would be too long for practical use. Based on the literature
(Chapter 3.2.1), a sample window of 200 samples (130 ms) is a very good balance
between having enough sample to give robust estimated of ApEn and delay time.
A moving data window was applied to the data sequence and ApEn within theChapter 5 Feature Extraction of the Surface EMG Signal 51
data is calculated repeatedly. The moving ApEn is obtained as the windows moves
point by point along the time axis. Detail explanation on the windowing technique
has been discussed in section 4.3, Chapter 4. This windowing technique is also
used for the calculation of other methods.
The RP analysis was then carried out to support the information obtained from the
moving ApEn analysis. The RP analysis was applied to the SEMG data during,
before and after a muscle contraction. For the analysis, the chosen parameter
values are same as the values for the ApEn calculation. For each plot, the data
length, N is set to 200, the embedding dimension, m = 2, the time delay,  = 1
and the threshold, " = 4.
Using the same windowing technique discussed above, the SEMG signals were also
analyzed using the following methods:
1. Sample entropy (SampEn)
This method has been explained in section 4.2, Chapter 4
2. Number of zero crossings (NoZC)
A measure to count how many times the signal crosses zero.
3. Standard deviation (SD)
A statistical dispersion to measure how spread out the values in a data set,
Xi that can be dened as:
 =
v u u
t 1
N
N X
i=1
(Xi    X)2 (5.1)
where  X is the mean and N is the number of data points.
4. Mean absolute value (MAV)
An estimate of the mean absolute value of the signal Xi in segment i which
is N samples in length is given by:
 Xi =
1
N
N X
k=1
jxkj;i = 1;::::;I (5.2)
where xk is the kth sample in segment I and I is the total number of segments
over the entire sampled signal [Hudgins et al., 1993].Chapter 5 Feature Extraction of the Surface EMG Signal 52
Figure 5.3: Top: kurtosis distribution, bottom: skewness distribution
5. Skewness
A measure of symmetry of a distribution/data set, Xi that can be dened
as:
skewness =
PN
i=1(Xi    X)3
(N   1)3 (5.3)
where  X is the mean,  is the SD and N is the number of data points.
The skewness for a normal distribution is zero. negative (-ve) values of
skewness indicate data are skewed left (left tail is long relative to the right
tail) and positive (+ve) values indicate data are skewed right (Figure 5.3
(bottom)). Skewness >1 or skewness <-1 is indicated as highly skewed while
0.5<skew<1(or -1<skew<-0.5) is moderately skewed.
6. Kurtosis
A measure of whether the data are peaked or at relative to a normal dis-
tribution and is given by:
kurtosis =
PN
i=1(Xi    X)4
(N   1)4   3 (5.4)
where  X is the mean,  is the SD and N is the number of data points.
The kurtosis for normal distribution is 3. Positive kurtosis indicates a
'peaked' (leptokurtic) distribution while a 'at' (platykurtic) distribution
is indicated by a negative kurtosis (Figure 5.3 (top)). A skewed distribution
is always leptokurtic.
The above methods were selected for various reasons. SampEn is chosen to com-
pare with the ApEn method as SampEn is the revised version of ApEn and it isChapter 5 Feature Extraction of the Surface EMG Signal 53
essential to analyze the SEMG data using it. Method 2 to method 6 had been used
in the control system for prosthetic hand application and have been discussed in
the literature (Chapter 3).
Further analysis were carried out on the extracted data. The analysis focuses on
two aspects which are the information on the speeds and states of a contraction.
The average values of the moving ApEn from 20 subjects at four dierent states
during these three movements were computed. The four states are: start, middle
and end of contraction and also when the muscle is relaxed. The average values
for the other methods were also calculated.
5.2 Results and Discussion
Figure 5.4 shows several recorded SEMG for the rst 350ms from the exor and
extensor muscles during wrist exion/ extension, co-contraction and isometric con-
traction at 60bpm. The plots show which muscle was activated corresponding to
the related movement.
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The results will be divided into two sub-sections, which are the results from the
ApEn analysis and the results from the other methods. The result from the Sam-
pEn analysis will be included in the rst section as these two methods are closely
related.
5.2.1 Moving Approximate Entropy analysis
Figure 5.5 and Figure 5.6 show the moving ApEn analysis from one subject during
wrist exion and wrist extension respectively at a speed of 60bpm. The result of an
ApEn calculation for each window of 200 points is plotted below the EMG signal
with respect to the 200th point of the EMG signal (a delay of 130ms). From visual
inspection, the results demonstrated dierences during the contraction at dierent
speeds. For example, dips can be seen at the start and end of a contraction. All
the results show repeatable and constant patterns in other movements at all speeds
carried out on other subjects.
From the plots, shown in the waveform of Figure 5.5 (regions B, D and F) and in
Figure 5.6 (regions I and K) are drops in the ApEn (0.4 to 0.6) at the start of a con-
traction compared to a middle of contraction where ApEn has risen approximately
to 0.6-0.8. The same observation can be seen at the end of contraction , where the
moving ApEn (0.4 to 0.6) drops again. There is little variation before the onset of
the wrist extension and wrist exion, therefore, as expected, that ApEn is high in
these area. Similar patterns of the ApEn were observed in other subjects during
this task at the same speed. Some of the results of the ApEn analysis during
wrist exion/extension at other speeds (90 bpm, 120bpm and maximum speed)
are included in Appendix C.
The reason for the use of the RP analysis to the SEMG signal is to explain and
conrm the results from the moving ApEn analysis. Figure 5.7 shows the results
from the RP analysis. The plots labeled I to VI correspond to the SEMG signal
(I to VI) as shown in the top plot. Before and after the contraction (I and VI
respectively), the muscles are at rest condition where the recorded SEMG signals
were mainly noise. The structure of the RP pattern at these stages is interpreted as
no changes in the signal or very slow changes over the 200 data point window. This
non repeatable pattern conrms the high (more irregularity) ApEn values found
when the muscle is relaxed. The structure of the RP at the start of a contraction
(II) shows fading patterns to the upper left and lower right corners which can
be interpreted as a non-stationary data that contains a trend or drift. It can beChapter 5 Feature Extraction of the Surface EMG Signal 55
Figure 5.5: Top: The SEMG signal obtained from FCU during wrist exion
at 60bpm. B, D and F: during contraction; A, C and E: before contraction.
Bottom: the moving ApEn analysis for the respective signal.
observed that the drops of the ApEn during the start of a contraction occur at the
same time as the changes in the patterns of the RP. During the contraction (III-
IV), the plots show a distribution of single isolated points that can be interpreted
as a heavy uctuation in the process of an uncorrelated random data. These plots
conrm the higher ApEn values obtained during middle of both contractions,
which means that there is more irregularity (less regularity) in the data at area
B. At the end of contractions (V), the same patterns are observed as for the start
(area A) but with opposite orientation. The plots conrm that there is a change
in the pattern of the signal as the muscles stop contracting. This information has
shown agreement with the results obtained from the ApEn analysis.
The average of the ApEn values from 20 subjects during the three states (start,
middle and end of contraction) and also when a muscle was relaxed were calculated.
The averages of the ApEn values during wrist exion (FCU) and extension (ECR)
at four dierent speeds are given in Figure 5.8. From the plots, the average ApEn
shows dierences at four states as explained earlier. From the observations, as the
speed of the movement increases, the ApEn decreases during start and end of a
contraction. However, during the middle of contraction there are no changes in
ApEn with speed changes.Chapter 5 Feature Extraction of the Surface EMG Signal 56
Figure 5.6: Top: The SEMG signal obtained from extensor carpi radialis
during wrist extension at 60bpm. I and K: during contraction; H and J: before
contraction. Bottom: the moving ApEn analysis for the respective signal.
The average ApEn from the FCU and ECR during co-contraction and isometric
contractions at four dierent speeds are shown in Figure 5.9 and Figure 5.10
respectively. From the plots, they show similar pattern of the ApEn values with
the wrist exion and extension task.
From the average of moving ApEn during three tasks at four dierent speeds as
shown in Figure 5.8, Figure 5.9 and Figure 5.10, it can be seen that the values
are low and between 0:43 (SD = 0:10) to 0:58 (SD = 0:12) at the start of a
contraction and are consistent for all speeds of contraction. At the end of all the
contractions, the moving ApEn values drop to the range between 0:38 (SD = 0:10)
and 0:60 (SD = 0:06). It also has been observed that ApEn values are lower at
the end of a contraction compared to the start of a contraction. The ApEn values
are higher (> 0.8, SD  0:08) when muscle is relaxed. This is expected as there is
no activity except the noise in the electronics system and also some small activity
from motor units. When focusing on the speeds of the contraction at each state
of a contraction, it can be seen that there are slight dierences of the ApEn
values at dierent speeds of a contraction. It has been observed that the average
moving ApEn decreased when the speed of contraction increased at the start of aChapter 5 Feature Extraction of the Surface EMG Signal 57
Figure 5.7: Top: The SEMG signal at 200 data length from before to after
muscle contraction. Label I - VI in the recurrence plots correspond to the sEMG
signal with embedding dimension,m = 2, delay, = 1 and threshold," =4Chapter 5 Feature Extraction of the Surface EMG Signal 58
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Figure 5.8: Average ApEn analysis from 20 subjects during wrist movement
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erent speeds from two muscles:
FCU (top) and ECR (bottom)Chapter 5 Feature Extraction of the Surface EMG Signal 59
Co-contraction (FCU)
0.00
0.20
0.40
0.60
0.80
1.00
1.20
Start Middle End Relaxed
Contraction State
Co-contraction (ECR)
0.00
0.20
0.40
0.60
0.80
1.00
1.20
Start Middle End Relaxed
Contraction State
A
p
E
n
A
p
E
n
60
90
120
max
60
90
120
max
Figure 5.9: Average ApEn from 20 subjects during co-contraction at four
states and four dierent speeds from FCU (top) and ECR (bottom) muscles.Chapter 5 Feature Extraction of the Surface EMG Signal 60
Isometric (FCU)
0.00
0.20
0.40
0.60
0.80
1.00
1.20
Start Middle End Relaxed
Contraction State
Isometric (ECR)
0.00
0.20
0.40
0.60
0.80
1.00
1.20
Start Middle End Relaxed
Contraction State
60
90
120
max
60
90
120
max
A
p
E
n
A
p
E
n
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contraction during wrist extension. Also, the average moving ApEn is about the
same (0:5) at the end of a contraction during wrist exion and extension at the
speed of 90bpm and 120bpm. In the middle of a contraction, the average moving
ApEn gave the lowest value at the maximum speed for both wrist movements. The
same observation also can be seen at the middle of a co-contraction. Dierently,
during isometric contraction, the moving ApEn values do not vary as the speed
increases.
These average moving ApEn values at each state were then compared using un-
paired 't' tests. A comparison was made between the ApEn values during relaxed
condition with start, middle and end of contraction. The test was set at two tailed
with 0.05 signicance level. The 't' tests showed that there are signicant dier-
ences between the three states of a contraction and relaxed states of the muscles
(p  0.05).
From a physiological point of view, this ndings can be explained by the behaviour
of recruitment/derecruitment of the motor units. As explained earlier, the SEMG
signals are generated from the recruitment of the motor units, lying under the
skin. Towards the middle of a contraction, motor units will recruited from smaller
to larger units with random ring patterns. Towards the end of contraction, the
motor units will be de-recruited until the muscle is relaxed. Van Cutsem et al.
[1998] reported in their investigation on ankle muscles that there is no change
in the recruitment sequence of the motor unit during ramp contraction. This
may explain more regular (lower ApEn) SEMG activity at the start and end of
a contraction shown by the drops that have been obtained in this study. The
drops indicate there is more regularity in the recruitment of the muscle's motor
units. The nding is also supported by the [Romaiguere et al., 1993] study. They
reported that, even though the recruitment and de-recruitment processes undergo
random uctuation, the recruitment and de-recruitment display the same kind of
uctuation. Also, greater SEMG signal irregularity (higher ApEn) at the middle
of a contraction reects less predictable muscles ring patterns [Morrison et al.,
2007]. In terms of the movement speed, Stots & Bawa [2001] had reported that no
dierence in the recruitment order between isometric and lengthening contractions
at any speed of lengthening contraction in their investigation on wrist exors.
However, from the analysis, it could be said that the recruitment of the motor
units during eccentric contraction shows more regularity as the speed increases
compared to the isometric contraction.Chapter 5 Feature Extraction of the Surface EMG Signal 62
Hudgins et al. [Hudgins et al., 1993] had shown that the SEMG signal contains
information at a start of a muscle contraction in their research in prosthetics
control applications. This statement is supported by the ApEn analysis presented
where dip can be seen at the start of a contraction. Moreover, the analysis also
show that the SEMG signals do contain information at the end of a contraction
too.
5.2.1.1 Sample Entropy analysis
In this work, SampEn was used to analyze the SEMG and its performance is
compared with the ApEn analysis. Figure 5.11 shows one sample the analysis of
two SEMG waveforms using SampEn in comparison with the ApEn analysis. The
plot on the top left is SEMG signal measured during wrist exion from FCU. From
the plots (middle and bottom), both SampEn and ApEn analysis show similar
patterns where drops at the start and end of contraction can be observed before
they increase in the middle of the contraction. During co-contraction, ApEn and
SampEn analysis don't show a similar pattern.
From the SampEn analysis on all of the contractions at all speeds, it has been
observed that it shows no repeatable pattern in the SEMG structure that could
be used for pattern classication in this work. Even though the processing time
was faster with SampEn, this method has been excluded for further analysis as it
shows no useful ndings that could be used.
5.2.2 MAV, skewness and kurtosis's analysis
The analysis of the SEMG signal using other methods mentioned in section 5.1.3
had been carried out and some of the results are shown in Figure 5.12. From a
visual inspection of the presented and un-presented results, NoZc is excluded from
further analysis as it had shown no useful results where no pattern structures can
be seen from the analysis. SD analysis shows a same pattern with MAV, it is also
been excluded. Also, SD is used in ApEn calculation and by excluding it, extra
processing can be avoided. Skewness and kurtosis show interesting spikes that
occur at the start and end of contraction.
From the ndings, MAV, skewness and kurtosis have been considered for further
analysis as they've shown interesting outcomes. MAV is a technique normally
used as smoothing operation. In this work, rectied values were used and fromChapter 5 Feature Extraction of the Surface EMG Signal 63
0 1 2 3 4 5
−200
−100
0
100
200
Wrist flexion (60bpm)
E
M
G
 
a
m
p
l
i
t
u
d
e
,
 
u
V
0 1 2 3 4 5
0
0.2
0.4
0.6
0.8
1
A
p
E
n
0 1 2 3 4 5
0
0.5
1
1.5
2
2.5
S
a
m
p
E
n
0 1 2 3 4 5
−200
−100
0
100
200
Time,s
Co−contraction (90bpm)
0 1 2 3 4 5
0
0.2
0.4
0.6
0.8
1
Time, s
0 1 2 3 4 5
0.5
1
1.5
2
2.5
Time, s
Figure 5.11: SampEn and ApEn analysis during wrist exion(left) and co-
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the analysis repeatable structures where it shows the envelope of the rectied signal
during muscle contractions can be seen at all speed of contraction. As expected,
the MAV show a rise and fall across all contractions. Kurtosis and skewness are
methods to study the data distribution of the signal. Kurtosis analysis shows that
the SEMG signals have positive kurtosis. The analysis from 20 subjects show that
higher kurtosis occurred at the start and end of a contraction, compared to the
middle of a contraction; which shows that the distribution of the data has more
acute peak at these states.
The average of these three features from 20 subjects during four states at dierent
speeds of a contraction were calculated and the results during wrist exion and
extension are shown in Figure 5.13. From the plots, dierences can be observed
at four dierent states in MAV and kurtosis, but not in skewness. In MAV, at the
speed of 60 bpm , the values are low (0 to 40) at the start and end of contraction
and increase to >60 in the middle of contraction. The MAV return to lower (<10)
value that during start (and end) of contraction. These patterns are also follow at
other speeds. The average kurtosis shows consistent dierences at the four states
where high kurtosis is seen at the start, drops in the middle of contraction before
it increases to higher kurtosis at the end of contraction. However, it appears that
no pattern for skewness at the start, middle end and muscle relaxed (Figure 5.13,
middle plots) and it will be excluded from the ECS development.
The ndings from the kurtosis analysis could be used to explain the behaviour
of muscles contraction relative to the recruitment orders in motor units, but not
from MAV and skewness analysis. A possible explanation for the spikes at the
start and end of a contraction from kurtosis analysis is that the recruitment is
changed from small to large and large to small motor units respectively causing a
peak at the data distribution.
5.3 Summary
In this investigation, three movements at four dierent speeds related to wrist
muscles were investigated. Moving approximate entropy was employed as the
main method to investigate the SEMG signals whether any signicant pattern
exist in the structure of the signal. SEMG signals were acquired from the wrist
muscles from twenty subjects. The analysis shows that moving ApEn gave a
distinct pattern during the start, middle and end of a contraction. These important
outcomes could be extended to the feature extraction technique for the ECS basedChapter 5 Feature Extraction of the Surface EMG Signal 66
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Figure 5.13: Average MAV, skewness and kurtosis from 20 subjects during
wrist exion and extension at four states and four dierent speeds from FCU
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on pattern recognition where each state of the contraction can be used to classify
one grip posture. The ndings also showed that there are small dierences at the
magnitude of each features at dierent speed of contraction, which also can be
used for the classier design.
To increase the performance and the accuracy of the control system, more that
one feature is preferable during the feature extraction process. Besides moving
approximate entropy, MAV and kurtosis features will be adopted in the pattern
classication of the SEMG signal as they have shown potential in the investigation.Chapter 6
Development and Testing of the
Electromyographic Control
System
This chapter discusses the development of the electromyographic control system
in detail. The same data used in the investigation of the SEMG signal (Chapter
5) was used in this work. The development process involved in several stages and
this chapter emphasizes the classier design process where fuzzy logic classier is
used. Two main approaches have been used in the classier design which are based
on the state and speed of a contraction. The design process and the ndings are
presented and discussed in this chapter.
6.1 Overview of the electromyographic control
system
The aim of the electromyographic control system (ECS) development is to have a
simple system that should be able to select one of four dierent grip postures with
the SEMG as the control channel and could be implemented in a microcontroller
in the future.
The acquired SEMG signals will be fed to the ECS where it will do all the processes
before deciding the nal output.The ECS consists of two main stages which are
feature extraction and classication process as shown in Figure 6.1. The SEMG
signals will be acquired from the wrist's exor(FCU) and extensor (ECR) muscles
68Chapter 6 Development and Testing of the Electromyographic Control System 69
during wrist exion, wrist extension and co-contraction. The SEMG acquisition
setup follows the same procedures as described in Chapter 5, section 5.1.2. The
control system should select one from four dierent hand grip postures where at
this stage, the grip postures will be represented by states (e.g. STATE1, STATE2,
STATE3 and STATE4).
The feature extraction process follows the same procedure as discussed in Chapter
5. Three main conclusions have been drawn from the investigation which are;
1. Three from seven features used in the feature extraction process will be used
and they are moving ApEn, MAV and kurtosis.
2. Dierences between these three features can be seen at dierent speeds of
contraction; 60, 90 and 120 bpm.
3. Repeatable patterns can be seen at the start, middle and end of a contraction
These information are then used to design the classication system for the ECS
which will be discussed further in the following section.
6.2 Design of the fuzzy logic classier
A classier function is to map the pattern and match them appropriately in de-
termining the nal output. In this work, the classier will be used to discriminate
dierent output states from the extracted features. These output states represent
dierent hand grip postures. Fuzzy logic (FL) is used as the classier and it is
well known in providing a simple way to arrive at a denite conclusion just based
upon imprecise input information. The theoretical background of the FL system
will not be discussed in detail. There are many references on the FL operation and
also specically on pattern recognition application [Bezdek & Pal, 1992; Zadeh,
1965].
In the development process, there are two approaches that have been used in
designing the classier which are:
1. The contraction speed based
This classier will use the speeds of the contraction information: slow (S),
medium (M) and high (H) to determine the nal output state of the system.Chapter 6 Development and Testing of the Electromyographic Control System 70
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Figure 6.1: The ow diagram of the ECS with the feature extraction and the
FL classication componentsChapter 6 Development and Testing of the Electromyographic Control System 71
2. The contraction state based
This classier will use the states of the contraction information: start (S),
middle (M) and end (E) to determine the nal output state of the system.
In general, the FL classier has six inputs generated from the feature extraction
process of the SEMG signals and one output which is the state. Figure 6.2 shows
the diagram of the FL system which used the Mamdani type FL system [Mam-
dani & Assilian, 1999]. The rules are created depend upon which way is used.
Triangular and trapezium shapes are used for the membership function (MF) of
the inputs and triangular shape is used for the output's MF. For the defuzzica-
tion, the centroid method is used. The FL classication is developed using Matlab
Fuzzy Logic Toolbox and tested using Simulink.
ApEn1
MAV1
Kurtosis1
ApEn2
MAV2
Kurtosis2
FL CLASSIFIER
(Mamdani)
STATE
SEMG 1
SEMG 2
Figure 6.2: The block diagram of the Mamdani type FL classication system
6.2.1 Classication based on the speeds of a contraction
This classier is built using the information on the contraction speed where earlier
investigation has shown that moving ApEn, MAV and kurtosis show dierences of
their magnitudes at dierent speeds of contraction. For this type of classier, the
dip that can be observed at the start and end of a contraction in ApEn analysis
will be used to trigger and stop the classication process respectively. With this
method, the processor power consumption could be saved as the system doesn't
need to do continuous classication.Chapter 6 Development and Testing of the Electromyographic Control System 72
Several dierent approaches for this type of classier have been tried and the
following sections will give detail explanations on each approach.
6.2.1.1 Four state system
The four state classier system is to classify the extracted information from wrist
movements and co-contraction at dierent speeds in selecting one of the four out-
puts. The operation of the system is as follows:
1. Wrist exion at a speed of 60bpm (SLOW) STATE1
2. Wrist exion at a speed of 90bpm (MEDIUM) STATE2
3. Wrist exion at a speed of 120bpm (HIGH) STATE3
4. Wrist extension at a speed of 60bpm (SLOW) STATE1
5. Wrist extension at a speed of 90bpm (MEDIUM) STATE2
6. Wrist extension at a speed of 120bpm (HIGH) STATE3
7. Co-contraction at a speed of 60bpm (SLOW) STATE4
The subject has to do two movements which are wrist exion/extension at the
speed of 60 bpm (SLOW, S), 90 bpm (MEDIUM, M) and 120bpm (HIGH, H) and
co-contraction only at 60bpm (C). The feature extraction of two SEMG signals
gives six features: ApEn1 (A1), MAV1 (B1), kurtosis1 (C1) from the FCU and
ApEn2 (A2), MAV2 (B2) and kurtosis2 (C2) from ECR. For the MF of the inputs,
the speed of the contraction is used for the fuzzy set where they can be grouped
into four which are SLOW (S), MEDIUM (M) and HIGH (H) speeds for the wrist
exion/extension. While for the co-contraction, it applies only at a speed of 60bpm
and will be labeled as C. This classier will discriminate the information from the
feature extraction process into four dierent states namely STATE1 (S1), STATE2
(S2), STATE3 (S3) and STATE4 (S4).
The MF for the inputs and the output of the system are shown in Figure 6.3. In
the top left plot of Figure 6.3 is the MF of the input A1. In order from left to
right: co-contraction (C), HIGH (H, 120bpm), MIDDLE (M, 90bpm), SLOW (S,
60bpm) and RELAX (R). These functions are derived from a non-Gaussian distri-
bution data obtained in each speed of the contraction. The dierences between the
means at dierent speeds of contraction are small. However despite these small
dierences, they can be used in a practical system.
The rules of the classier are given in Table 6.1. The rst three rules are applied
during wrist exion, rule 4 to rule 6 during wrist extension movement and the last
rule applied to the co-contraction at any speeds.Chapter 6 Development and Testing of the Electromyographic Control System 73
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Figure 6.3: The membership function for the inputs and the output of the
four state system. Inputs A1, B1 and C1 are from FCU and A2, B2 and C2 are
from ECR. S: SLOW, M:MEDIUM, H:HIGH, C:Co-contraction, R: RELAXChapter 6 Development and Testing of the Electromyographic Control System 74
Table 6.1: IF-THEN rules for the four states system
Rule A1 B1 C1 A2 B2 C2 State
1 S & S & S & R & R & R THEN S1
2 M & M & M & R & R & R THEN S2
3 H & H & H & R & R & R THEN S3
4 R & R & R & S & S & S THEN S1
5 R & R & R & M & M & M THEN S2
6 R & R & R & H & H & H THEN S3
7 C & C & C & C & C & C THEN S4
Figure 6.4 shows the results of the simulation of the ECS during wrist exion/ex-
tension at 60bpm. Region A1 and A2 are during wrist exion, while region B1
and B2 are during wrist extension. Figure 6.4 shows that the classier is able
to select the correct state outputs during wrist exion almost correctly but not
during wrist extension. It can be seen clearly that during wrist extension (top plot
- region B1 and B2), the classication output is 0:5 (shown in the bottom plot).
This output indicates that the classier cannot determine any output at the given
inputs. For a correct classication, the outputs values are shown in Figure 6.5.
The results obtained follows at other speeds of contraction where a poor classica-
tion result is obtained during wrist extension. The same result is obtained during
co-contraction.
After several cycles of testing, possible changes of the MF for each input were
explored. The changes included modication of the MF shape and range of values
of the inputs but the same results were obtained. It has been found that poor
classication results are due to the kurtosis input from both SEMG channels.
These tests have led to the exclusion of kurtosis for further analysis in the ECS's
development for this type of classier. Modications were done to the MF in
Figure 6.3 and the revised MFs is shown in Appendix D, Figure D.1 and also the
rules of the system. In the revised MF, inputs C1 and C2 were removed from the
system. Also, co-contraction was removed from the fuzzy set on inputs A1 and
A2. The modied rules of the revised four states system is shown in Table 6.2
below.
Figure 6.6 shows the results of the revised ECS during wrist exion/extension at
60bpm when kurtosis is removed. The expanded views for the classication results
labeled (a) and (b) are shown in Figure 6.7 and it can be seen clearly the classier
is able to select the correct output, which in this case is STATE1 (S1), labeled (a)
and (b), where from the output MF, the range is between 0 to 0:3. Even thoughChapter 6 Development and Testing of the Electromyographic Control System 75
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Figure 6.4: The result of the classication during wrist exion/extension at
60bpm for the four states system
there are glitches during the classication result in one contraction, the average of
the values produces the correct output state.
Some of the classication results during other movements and speeds for this type
of classier are included in Appendix E.
The analysis of the accuracy of the revised system is carried out and shown in
Figure 6.8. The accuracy (in percentage, %) of the system is measured by theChapter 6 Development and Testing of the Electromyographic Control System 76
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Table 6.2: IF-THEN rules for the revised four states system
Rule A1 B1 A2 B2 State
1 S & S & R & R THEN S1
2 M & M & R & R THEN S2
3 H & H & R & R THEN S3
4 R & R & S & S THEN S1
5 R & R & M & M THEN S2
6 R & R & H & H THEN S3
7 S & C & S & C THEN S4
8 M & C & M & C THEN S4
9 H & C & H & C THEN S4
following equation:
% =
number of correct classification in one contraction
number of total classifications
 100% (6.1)
From the speeds of contraction perspective, during wrist exion/extension, the
classier was able to select STATE1 (S1) and STATE2 (S2) accordingly but not
at STATE3 (S3) which is when the contraction is performed at the speed of 120
bpm. A further investigation has been carried out on this HIGH speed and it's
been found that the classier is not able to select the output state correctly at this
speed. Most of the times, at 120bpm contractions, the classier selects S1.Chapter 6 Development and Testing of the Electromyographic Control System 77
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Figure 6.6: The result of the classication system for wrist exion (A) and
wrist extension (B) at 60bpm for the revised four states system
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6.2.1.2 Three state system
The results obtained in the four states system led to a little modication of the
classier design and to develop a three states classier. The main change is the
exclusion of the HIGH speed contraction in the classication system. Using almost
the same principles as the previous system, the output states is reduced to three
and the operation is as follows:
1. Wrist exion at a speed of 60bpm STATE1
2. Wrist exion at a speed of 90bpm STATE2
3. Wrist extension at a speed of 60bpm STATE1
4. Wrist extension at a speed of 90bpm STATE2
5. Co-contraction at a speed of 60bpm STATE3
The subject has to do the same procedures as in four states system but only at
two speeds which are 60 bpm (SLOW, S) and 90 bpm (MEDIUM, M). The FL
classier has two inputs from the feature extraction of each SEMG signals: ApEn1
(A1) and MAV1 (B1) from the FCU , and ApEn2 (A2) and MAV2 (B2) from ECR.
This classier will discriminate the information from the feature extraction process
into three dierent states namely STATE1 (S1), STATE2(S2)and STATE3 (S3).
The MF for the inputs and outputs of the three states system is shown in Figure
6.9.
The rules of the classier is given in Table 6.3. The rst two rules are applied
during wrist exion, rule 3 to rule 4 applied to the wrist extension and the last
rule applied to the co-contraction.
Table 6.3: IF-THEN rules for the three states system
Rule A1 B1 A2 B2 State
1 S & S & R & R THEN S1
2 M & M & R & R THEN S2
3 R & R & S & S THEN S1
4 R & R & M & M THEN S2
5 C & C & C & C THEN S3
Figure 6.10 shows the results of the three states ECS system when a continuous
SEMG signals from FCU and ECR during wrist exion/extension movement at
60bpm were fed to the ECS. The extraction features (ApEn1, MAV1, ApEn2
andMAV2) from both SEMG signals are shown in the rst four rows of the plot.
The dotted lines with label A is the wrist exion region and label B is the wristChapter 6 Development and Testing of the Electromyographic Control System 80
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Figure 6.9: The input membership function for ApEn1(A1), MAV1(B1),
ApEn2(A2), MAV2(B2) and the output for the three states FL classier.S:
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extension region. The ellipses with label (a) and (b) (in the OUTPUT plot) are
the classication results corresponding to the wrist exion and wrist extension
respectively. From visual observation, it can be seen that S1 was selected during
both contractions.
The expanded views for the classication results labeled (a) and (b) are shown in
Figure 6.11 and it can be seen clearly that S1 (output = 0 0:4) is selected. Even
though glitches can be seen at classication result 2, but the average of the area
will still be selecting S1.
Some of the classication results during other movements and speeds for this type
of classier are included in Appendix F.
The analysis of the accuracy of the three states system for wrist exion/extension
at 60bpm and 90bpm, and also during co-contraction at 60bpm is shown in Figure
6.12. The same method as the four states ECS system used in the calculation of
the accuracy (in %) of the system (see Equation 6.1). At a speed of 60bpm, both
wrist exion and wrist show higher classication accuracy where S1 are selected.
The classication rate for both movements is more than 80% except during one
analysis where the accuracy is about 42%. However, at a speed of 90bpm, the
classication accuracy during wrist extension is much lower compared to during
exion. From the analysis, it shows that better classication is achieved at SLOW
speed compared to MEDIUM speed. As for the co-contraction, the average for the
accuracy is about 60% and is lower in comparison with the wrist exion/extension
movement.
6.2.1.3 Five state system
The ve state system uses a dierent approach in its design, in comparison with
the four and three states system. Unlike the four and three states system that use
information during wrist exion/extension at certain speed in selecting one output
state, the ve states ECS system uses information from each movement at dierent
speeds to select one output state. The two extracted variables (moving ApEn and
MAV) from the two SEMG signals are used as the inputs to the classier. The
same movements and speeds used in the three states system is used in this classier
design. By classifying the extracted features, the system will discriminate one
of ve dierent output states namely STATE1(S1), STATE2(S2), STATE2(S3),
STATE4(S4) and STATE5(S5). The operation can be explained as follows:Chapter 6 Development and Testing of the Electromyographic Control System 82
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Figure 6.10: The classication result of the three states ECS system during
wrist exion (A) and wrist extension (B) at 60bpm
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Figure 6.11: The expanded view of the classication result (labeled (a) and
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1. Wrist exion at a speed of 60bpm STATE1
2. Wrist exion at a speed of 90bpm STATE2
3. Wrist extension at a speed of 60bpm STATE3
4. Wrist extension at a speed of 90bpm STATE4
5. Co-contraction at a speed of 60bpm STATE5
The MF for the inputs and outputs of the three states system is shown in Figure
6.13. Table 6.4 shows the rules for the system. Rule 1 and rule 2 will be applied
during wrist exion at speeds of 60bpm and 90bpm respectively. Rule 3 and rule 4
will be applied during wrist extension at 60bpm and 90bpm respectively, the last
rule will be applied during co-contraction at 60bpm.
Table 6.4: IF-THEN rules for the ve states system
Rule A1 B1 A2 B2 State
1 S & S & R & R THEN S1
2 M & M & R & R THEN S2
3 R & R & S & S THEN S3
4 R & R & M & M THEN S4
5 C & C & C & C THEN S5
Figure 6.14 shows the classication's result of the ve states system when contin-
uous SEMG signals obtained during wrist exion/extension at a speed of 60bpm
were fed to the ECS. The classication results demonstrated that the ECS is able
to select two dierent output states from two dierent movements. For instance,
the dotted lines in the plot shows the processes during wrist exion (labeled A)
and wrist extension (labeled B) and the classication result (label (a) - (S1) and
(b) - (S3) respectively) is shown in the bottom plot.
The closed up view of the classication result for label (a) and (b) are shown in
Figure 6.15. The plot shows that STATE1 (output range: 0 - 0:27) is selected
during wrist exion and STATE3 (output range: 0:48 - 0:78) is selected during
wrist extension at a SLOW speed. The averages of both areas were calculated and
gave one nal number which is the correct output of the system.
Some of other classication results during other movements and speeds for this
type of classier are included in Appendix G.
The accuracy of the ECS is then determined using the same method (see Equation
6.1) as mentioned in the previous systems. Figure 6.16 shows the performance of
the system during wrist exion/extension at SLOW speed (top plot), MIDDLE
speed (middle plot) and co-contraction at SLOW speed (bottom plot). In com-
parison for the wrist exion at two dierent speeds, more robust selection is madeChapter 6 Development and Testing of the Electromyographic Control System 85
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Figure 6.13: The input membership function for ApEn1(A1), MAV1(B1),
ApEn2(A2), MAV2(B2) and the output for the ve states FL classier. S:
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Figure 6.14: The classication result of the ve states ECS system during
wrist exion (A) and wrist extension (B) at 60bpm
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Figure 6.15: The expanded view of the classication result (labeled (a) and
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during the MEDIUM speed where the classication rate is between 65% to 100%
and 39% to 88% in SLOW speed. The classication rate during wrist extension
and wrist exion movement at the SLOW speed is about the same where the range
is from 40% to 90%. At MEDIUM speed, the classication rate during wrist exten-
sion is much low compared to wrist exion which is about half of it. The analysis
shows that the ve states system could perform better classication during wrist
exion/extension compared to during co-contraction.
6.2.2 Classication based on the contraction state
As can be seen in the moving ApEn analysis, distinct pattern can be seen at
dierent states of contraction where dips can be seen at the start and end of a
contraction. The classier uses the information on the contraction's state which are
start, middle and end of a contraction to discriminate four dierent grip postures.
Still using the information from two SEMG signals, the subject has to do the same
two movements which are wrist exion/extension and co-contraction except that,
the movements can be performed at their convenience as this classier type is not
based on the contraction speed. The operation of the system is as follows:
1. Wrist exion at the START of a contraction STATE3
2. Wrist exion at the MIDDLE of a contraction STATE2
3. Wrist exion at the END of a contraction STATE1
4. Wrist extension at the START of a contraction STATE1
5. Wrist extension at the MIDDLE of contraction STATE2
6. Wrist extension at the END of a contraction STATE3
7. Co-contraction at the START of a contraction STATE4
The feature extraction of the two SEMG signals gives six features: ApEn1 (A1),
MAV1 (B1), kurtosis1 (C1) from the FCU and ApEn2 (A2), MAV2 (B2) and
kurtosis2 (C2) from ECR. For the inputs MF, the states of a contraction is used
as the fuzzy set which are START(S), MIDDLE (M) and END (E) of a contrac-
tion and also when the muscle is relaxed (R). This classier will discriminate the
information from the feature extraction process into four dierent states namely
STATE1 (S1), STATE2 (S2), STATE3 (S3) and STATE4 (S4). Figure 6.17 shows
the MF for the inputs and the output of the system.
The rules are given in Table 6.5. The rst rule is applied to wrist exion (only
FCU contracts), rule 2 to rule 5 apply to wrist exion/extension (both FCU and
ECR contract alternately), rule 6 apply to wrist extension (only ECR contracts)Chapter 6 Development and Testing of the Electromyographic Control System 88
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Figure 6.16: The accuracy (in %) of the ECS during wrist exion/extension
at a speed of 60bpm (SLOW)- top and 90bpm (MEDIUM)- middle, and co-
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Figure 6.17: The membership function for the inputs and output of the four
states system for the state based classier. The rst top three rows are the MF
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Table 6.5: IF-THEN rules for the state based classier
Rule A1 B1 C1 A2 B2 C2 State
1 S & S & S & R & R & R THEN S3
2 S & S & S & E & E & E THEN S3
3 M & M & M & R & R & R THEN S2
4 R & R & R & M & M & M THEN S2
5 E & E & E & S & S & S THEN S1
6 R & R & R & S & S & S THEN S1
7 S & S & S & S & S & S THEN S4
and the last rule applies to the co-contraction (both FCU and ECR contract on
the same time).
Figure 6.18 shows the classication result when continuous SEMG signals from
FCU and ECR during wrist exion/extension were applied to the ECS. Three
features were extracted for each signal (row 1 to row 6) and the classication result
is shown in the bottom plot. Region A and B shown in the plot are the analysis
during wrist exion and label (a) and (b) are the classication results respectively.
From the plots, it can be seen that the classier is able to discriminate three
states (S1 to S3) based on the contraction's state. Appendix H shows some of the
classication results during other movements.
Figure 6.19 shows the expanded view of the classication result for the rst and
second contraction (labeled (a) and (b) respectively in Figure 6.18). It can be
seen clearly that dierent output are selected at dierent states of a contraction
during wrist exion where at the start (S) of a contraction, S3 (output range: 0:5
to 0:76) is selected, S2 (output range: 0:25 to 0:52) is selected at the middle of a
contraction and S1 (output range: 0 to 0:26) is selected at the end of a contraction.
The accuracy of the classication during wrist exion/extension is calculated as
shown in Figure 6.20. The same method used in calculating the accuracy in speed
based classier is also used for this type of classier. From the plots, they show that
the classier could select the right output state during middle of a contraction very
accurately during wrist exion and wrist extension, where the accuracy is between
95% to 100%. Lower accuracy can be seen in the start and end of a contraction
for both movements and the percentage range from 20% to 80%.Chapter 6 Development and Testing of the Electromyographic Control System 91
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
0.5
1
A
p
E
n
1
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
50
M
A
V
1
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
50
100
K
u
r
t
o
s
i
s
1
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
0.5
1
A
p
E
n
2
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
500
M
A
V
2
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
50
K
u
r
t
o
s
i
s
2
N
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
0
0.5
1
O
U
T
P
U
T
N
6.64
Time,s
0
(a)
A B
(b)
ECR
FCU
Figure 6.18: The classication result of the state based ECS during wrist
exion extension
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Figure 6.19: The expanded view of the classication results labeled (a) and
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6.3 Discussion
The development of the ECS is discussed and the ndings from the development
are presented. Two SEMG channels are used as the control channel where there
are three dierent movements; wrist exion, wrist extension and co-contraction.
Even though four movements were investigated as discussed in Chapter 5, only
these three movements are used in the ECS development process as they are easier,
requiring just a little training by a person.
There are two main components in the ECS which are feature extraction and
classication. In the rst component, three main methods are used to extract
information from the raw SEMG signal and they are moving ApEn, MAV and
kurtosis. Three features were extracted from each SEMG signal and two SEMG
signals will generate six features. The extracted information are then will be fed
to the the second part of the ECS which is the classier. Two approaches have
been tried in designing the classier for the ECS, which are based on the speed of
muscle contraction and based on the state of a contraction.
6.3.1 Speed based classier
The speed based classier used the extracted information from dierent speeds of
contraction in determining the nal output of the ECS. It focuses on the three
speeds of contraction, which are 60bpm (SLOW,S), 90bpm (MEDIUM, M) and
120bpm (HIGH, H). As co-contraction is more dicult to perform in comparison
to wrist exion/extension, it has been set that, a person only needs to do the
co-contraction at one speed which is 60bpm. Even though it might be dicult for
a person to perform dierent speeds of contraction, it can be done by carrying out
a little training to do the movement at dierent speeds at the initial stage. With
minimal training, they could learn how to control their speed of contraction.
Three dierent (three, four and ve states) systems were being tested for this
classier where the dierence between each system is how many output states can
be selected. The three feature extractions methods were used in the initial stage
of the test. However after several cycles of testing, the kurtosis was excluded
as it appeared to be little changes for the classier. Furthermore, for the three
states and ve state system, the HIGH speed contraction has been excluded in the
classier design as it has shown poor classication results at this speed in the four
state system.Chapter 6 Development and Testing of the Electromyographic Control System 94
Notably, in comparison between wrist exion/extension and co-contraction, the
three, four and ve state systems gave robust performance during the rst move-
ment at both SLOW and MEDIUM speeds. The average classication rate for the
wrist exion/extension is about 80% and just 50% for co-contraction. However,
between wrist exion and wrist extension, the later movement gives lower classi-
cation rate. Also, wrist exion at SLOW speed give better classication compared
to the MEDIUM speed.
With two SEMG control channels, this contraction speed based classier could
select from three to ve dierent output states. From the analysis of the accuracy
of the system, it shows that the three states system gives the highest accuracy
compared to the other two systems. This is as expected because better selection
can be achieved for a system with less functions to be achieved.
6.3.2 State based classier
The state based classier used the information from states of contraction to de-
termine the nal output state for the system. The states are start, middle and
end of contraction. Like the speed based classier design, this classier uses two
SEMG signals as the control channel where the amputees have to do wrist exion,
wrist extension and co-contraction, and all these movements can be performed at
their convenience.
The classication results indicate that this classier could discriminate dierent
output based on the states of contraction. From the accuracy percentage shown
in Figure 6.20, it can be seen that, this type of classier could give a more robust
classication result especially in the middle of a contraction, compared to the start
and end of a contraction. In comparison between speed and state based classier,
the later classier gave better classication rate.
6.4 Summary
The aim of this work is to develop the ECS that is simple in operation and also
implementable for real time application. Two methods have been tried in designing
the classier of the ECS, the contraction's speed and state based. It has been found
that both methods are able to classify the extracted information in determiningChapter 6 Development and Testing of the Electromyographic Control System 95
the nal output of the system. With two SEMG signals as the control channel,
the system is able to select from three to ve dierent grip postures.Chapter 7
Discussion
7.1 Overview
This thesis is concerned with the development of an ECS based on pattern recog-
nition for prosthetic hands application, emphasizing on a new method, moving
ApEn in processing the SEMG signal. By using SEMG signals as control chan-
nels, the ECS should able to discriminate one of four dierent hand grip postures.
The system consists of two main components which are feature extraction and
classication.
Feature extraction is where information is determined from the SEMG signal and
represented in a feature vector. Various methods have been used for this purpose.
The research has established a new method, moving ApEn in extracting informa-
tion from a SEMG signal produced from the wrist muscles. The analysis is looking
for any signicant patterns that can be observed in the structure of the signal. An
investigation of this method has shown new outcomes that are used in the next
stage of the ECS development. Apart from moving ApEn, other methods are also
used to increase the performance of the system which are MAV and kurtosis.
In the classication stage, the extracted features will be discriminated accordingly
to determine the nal output of the system. A FL classier has been used in this
work and two types of classier (contraction's state based and contraction's speed
based) are designed based on the ndings in the feature extraction stage.
The developed ECS has shown practical and useful results using the methods
described above.
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7.2 Discussion
7.2.1 Moving Approximate Entropy
Approximate entropy (ApEn) is a method to quantify the regularity of data and
has proved useful in other biomedical signal analysis. For example, an investigation
of heart rate had shown that a healthy heart has more irregularity in its action
than a less healthy heart [Pincus, 1991]. However, this method has not been used
widely in SEMG analysis and not in the application for prosthesis control .
Based on the original ApEn algorithm, a new method called moving ApEn has
been developed. Moving ApEn is applied to the SEMG signals and the results
demonstrated signicant patterns at dierent states of a contraction. Distinct dips
can be seen at the start and end of contraction, and higher ApEn values in the
middle of contraction. Hudgins et al. [1993] had also reported in the same research
eld that the SEMG signal contains information at the start of a contraction. The
results from the moving ApEn have conrmed their ndings analytically.
Besides prosthesis control, this useful information can be used in movement anal-
ysis studies to dene the onset and end of contraction. A standard method is
to measure a SEMG signal at maximum voluntary contraction (MVC) and then
to establish a threshold at some low percentage value of this maximum. On ex-
ceeding this threshold the start of a contraction is deemed to have taken place.
Deciding a value for MVC is subjective since some criterion has to be established,
for example averaging over a specied time or using one or several peak values in
the SEMG signal. With this method, it nds the start and end of a contraction
based on a chosen set of criteria and not on an analytical basis. Dierently with
moving ApEn, it is very useful as it automatic and unbiased which makes it a good
method for the determination of muscle activation pattern that could be used in
clinical studies by physiologists and other clinical personnel.
In addition, the investigation on the SEMG signals of healthy people shows that
the moving ApEn return values ranging from 0:3 to 1:0 with low SD ( 0:1) from
one subject to another. A glance at the signal waveform shows that the data
varies widely so it would be expected that the ApEn values would also have a
wide variation. This is not the case however and is an advantage of using moving
ApEn in this eld as it provides a very small variation between subjects.Chapter 7 Discussion 98
7.2.2 The electromyographic control system
Researchers at the Institute of Biomedical Engineering, University of New Brunswick
have work actively in developing signal processing algorithms prosthetics and con-
trol system eld [New Brunswick University, 2009]. For example, Hudgins et al.
[1993] used a single SEMG signal to select ve dierent states. Several methods
were used to represent the SEMG patterns and one of them was MAV. ANN was
used as the classier for the control system where the data needed to be trained
prior in testing the system. A disadvantage of this system is that use of ANN
requires training of a network to extract parameters that are particular to an
individual.
In this work, two SEMG signals from the wrist muscles are used as the control
channels to the system in selecting dierent hand grip postures. With the objective
to select one of four dierent grip postures, two muscle signals are sucient in
controlling the system. Moreover, there is a trade o between the number of control
channels used and the complexity of the system. For example, more grip postures
can be achieved with bigger number of control channels, but this will cause more
complexity in implementing the system. On the other hand, one control channel
will give simpler system implementation but with limited functionality.
The success of an ECS based on pattern recognition depends on the appropriate
selected feature used to extract information from the SEMG signals. Moving
ApEn has shown that it is useful for prosthesis control application. In moving
ApEn calculation, the value is obtained in a 200 samples data window and the
next value is obtained in the next window (same data length). The adjacent
window is delayed by one point (0:7ms) and gives high data rate of ApEn. This
arrangement make the changes of ApEn values can be tracked easily and respond
very quickly. This gives a good transient performance as the controller could
respond quickly to the changes. Also, this is another advantage on the developed
system as the response time is critical to the acceptance of an ECS to the user
of articial hand.There are several factors that may aect the performance of the
extraction process. This includes the electrode placement and the muscle strength
during the SEMG signal acquisition.
The classier function is to map dierent patterns of the extracted features and
match them appropriately in determining the nal output of the system. A FL
classier is used in this work. Even though ANN has been the most widely used
method for this purposes, FL system is chosen because it provides simple andChapter 7 Discussion 99
robust operation. Furthermore, FL requires no training in its operation and this
is an advantage of the developed system as it ts with the behavior of ApEn that
has a small SD. This means, the transferable of the system between one person
to another is easier to be done with a little adjustment needed. However, the use
of neuro-fuzzy or ANN might improve the classier performance as appropriate
information from the individual is used but adopting one of these methods would
result in a loss of the generic nature of ApEn.
The whole ECS was implemented on a personal computer (2.00GHz Intel R  Pen-
tium, 2.00GB memory) using Matlab 7.5 and Simulink 2.2 to simulate the algo-
rithm. For 200 samples of SEMG data, the processing time until the nal decision
is made takes about 16ms. This time is within the acceptable time frame for
prosthetic hand control application and this value is small compared to the max-
imum acceptable delay of about 200ms. Furthermore, the processing time is also
depends upon the system used and this can be improved in order to have a faster
processing time.
In the developed ECS, with moving ApEn values that have low variance and simple
and robust operation of the FL classier, the ECS performance is good in select-
ing the correct output state during wrist exion and wrist extension movement.
For example, 100% classication rate is achieved in the contraction state based
classier and an average of 90% classication rate is achieved in the three state
contraction speed based system. A lower classication rate is obtained during
co-contraction which is range from 10% to 99% for both types of classier design.
Due to the large variation of the classication rate, it is not recommended to use
this movement in the control system.
One immersing question is what is the acceptable classication rate to a user of
the system? An example is how many times is it acceptable for the system to
misclassify the selection of a power grip when carrying out an activity of daily
living such as pouring water into a bottle. Out of ten trials, for a normal person,
is one failure acceptable? Naturally a person will occasional 'malfunction' and
grasp an object in a posture that is not appropriate to its shape, size and texture.
The rate that this happens will vary. However from the user point of view, there
is an acceptable level for the classication rate of the system. This can be seen
in the projection plot of number of misclassication verses the number of trials
carried out shown in Figure 7.1 for classication rate between 90% to 99%. Both
x- and y- axes are in log scale with multiple ranges in one segment. It can be
seen that for up to 100;000 trials, the system might misclassify the inputs up toChapter 7 Discussion 100
10;000 times at a 90% classication rate. With this number of misclassication,
most probably the users will not be happy with the system as they expect a much
better rate. 4. There is no study to judge on the acceptable classication rate for
the ECS. However, for this work, it aims for a classication rate more than 90%
which has been achieved.C
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Conclusions and Future Work
8.1 Conclusions
The control algorithm for an upper limb prosthesis is one of the the most important
factors in its design. There has been continuous research where the main aim is
to mimic the functionality and control of the natural human hand. Since the
1970s, the EMG signal has became the most robust control method in controlling
a prosthesis.
This research highlighted the development of the ECS for prosthetic hand applica-
tion, specically the Southampton Hand. Dual SEMG signals, used as the control
channels, can be derived from normal contraction and can be performed with little
training. The signals are acquired during wrist exion, wrist extension and co-
contraction. It emphasizes the new developed method, moving ApEn, that is used
to extract information from the SEMG signal and then used with a FL classier to
select the nal output. The developed control system aims to be simple and fast
which would allow an amputee to select at least four dierent hand grip postures.
By employing moving ApEn as the main method, an investigation of the SEMG
from the wrist muscles (FCU and ECR) of twenty healthy participants was carried
out. Several other methods were investigated namely SampEn, MAV, NoZC, SD,
skewness and kurtosis. The main conclusion drawn from the investigation was,
moving ApEn, MAV and kurtosis have shown distinct patterns in the SEMG
structure, while other methods had shown no signicant ndings and were excluded
for further analysis. These three methods were used in the classication stage of
the ECS.
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The main nding from the moving ApEn analysis on normal healthy subjects is
that the values range from 0:3 to 1:0. Furthermore, signicant patterns can be
seen at three states of contraction, namely start, middle and end. These were also
detected using recurrence plots. Moving ApEn returns a value between 0:43 (SD =
0:10) and 0:58 (SD = 0:12) at the start of a contraction and this is consistent for
all movements and speeds of contraction. This shows that the SEMG is more
regular (lower ApEn) at this state compared to the middle of a contraction where
moving ApEn increases to above 0:7 (SD = 0:09), which shows less regularity in
this state. At the end of all the contractions, the moving ApEn values drop again
to the range between 0:35 (SD = 0:10) and 0:60 (SD = 0:06) for all movements
and speeds of contractions which show there is regular SEMG activity in the
exor/extensor muscles. As expected, when the muscles are relaxed, there is very
minor muscle contraction activity except noise from the acquisition system, where
moving ApEn gave a value greater than 0:8 (SD  0:08). This shows that the
ApEn analysis of an SEMG signal does not depend on an individual subject and
has low SD between subjects. MAV and kurtosis are also used in processing the
SEMG signal at the feature extraction stage to strengthen the performance of the
ECS.
Furthermore, except for the MAV analysis, the ndings from the ApEn and kur-
tosis analysis maybe explained by the behavior of muscle contraction relative to
the recruitment order of motor units. This idea is supported by evidence from ex-
periments found in the literature on the physiology of muscles [Van Cutsem et al.,
1998; Morrison et al., 2007; Stots & Bawa, 2001; Romaiguere et al., 1993].
A FL classier is used in selecting the nal output of the system. Two methods
have been used to design the classier, which are speed based and state based
system. The state based classier used the information of the states of contraction
in selecting the nal output of the ECS. The states are start, middle and end of
a contraction. With this type of classier, three output states can be selected
from one contraction. It has been shown that this type of classier could produce
the nal output accurately and gave robust performance, especially at the middle
state of contractions. The highest classication rate is achieved during the middle
of a contraction where it produced an accuracy of 100% with only one state (see
Figure 6.20) producing 98%. The classication rate at the start and end of a
contraction produced a wide range from 15% to 80%.
For the speed based classier design, outputs with three, four and 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have been investigated. The dierence between these three systems is the num-
ber of output states (grip postures) that can be achieved. All these systems used
speed of contraction information in discriminating the nal output of the system.
They used information in the wrist movement at SLOW, MEDIUM and HIGH
speeds, and three features: ApEn, MAV and kurtosis. However, as the develop-
ment progressed, it was determined that moving ApEn and MAV are sucient
in determining the nal output of the system. Also, better classications were
achieved at SLOW and MEDIUM speeds but not at HIGH speed. Hence, the
HIGH speed movement was excluded in the three and ve states system. The
investigation shows that a better selection can be achieved on the three states
system (98% classication rate), slightly degraded performance can be seen in ve
states system (93%) and the four system gave a classication rate about 85%.
From the investigation of both speed based and state based classier, both are
able to discriminate the features accordingly using a fuzzy logic system. For both
types of classier, the classication accuracy is between 85% and 100%, where
98% classication rate was achieved in the three states system of the speed based
and for the state based, a classication rate 100% was achieved. The same rate of
98% was achieved by Englehart et al. [2001] which is the highest rate cited in the
literature.
Using a standard personal computer, the time taken to calculate one ApEn value
is 16ms. It is conjectured that the implementation of this algorithm using a
modest microcontroller will take a similar time. The ApEn algorithm can be
executed in a standard 8-bit microcontroller. For example, Microchip PIC16F688
microcontroller is a 8-bit architecture with 5.00MHz clock speed, 256KB memory
and has all the instruction sets required for the ApEn algorithm implementation.
This research has demonstrated the development of an electromyographic control
system using a new method, moving ApEn. A FL classier can select at least
four dierent grip postures in a robust manner and most importantly, requires no
training. The basic system operation has been successfully developed and tested.
Upon applying the system to amputees, only simple adjustments will need to be
made for each person. The long term objective of this research is to design and
build the Southampton Hand System which consists of the articial hand and a
robust control system.Chapter 8 Conclusions and Future Work 105
8.2 Future Work
Some areas can be explored in improving the developed control system perfor-
mance and are described as follows:
1. Further evaluation of the ECS.
The following is a brief description of what can be done in evaluating the
performance of the system:
 Use of dierent types of classier.
As previously discussed, ANN is the most used method in classifying
the features. Even though the developed ECS has shown its usefulness
in classifying the data, a further evaluation, using ANN is needed and
may improve the system performance. In addition to that, a neuro-
fuzzy classier could also be investigated as it is a combination of ANN
and fuzzy logic. Both of these methods would require training data
from the individual user of the system which is a disadvantage.
 Use of dierent data sets.
In this work, the system was tested with SEMG data from normal
healthy people. It is expected that there will be not much dierence
in the system performance between healthy people and people with
amputation. Further study on the ECS that uses amputee's SEMG
data from their remnant muscle is needed.
 Eect of the electrode placement.
For this evaluation, the sensitivity of the electrodes placement could be
investigated on how it will eect the system performance. This can be
done by displacing the electrodes by few cm from the correct location.
From the investigation, a guideline document on acceptable electrodes
placement could be made.
2. Implementation of the ECS into a microcontroller
A complete algorithm of the ECS has been developed, tested and simulated.
It is very important to implement the system in a microcontroller for a real
time application to provide a practical and small system.
The most crucial part is to implement the moving ApEn algorithm into a
microcontroller. As for the FL classier, it can be implemented on a standard
microprocessor or a dedicated FL integrated circuit which may make the
implementation easier.Chapter 8 Conclusions and Future Work 106
3. Investigation of the automatic control feedback between the ECS and the
articial hand
Before the developed ECS is integrated with the actual articial hand, it can
be tested with a model of the hand to investigate the closed loop feedback
control operation to securely grip the object.
A preliminary investigation using a test rig that represent a pinch grip had
been built. Appendix I describes the operation of the test rig that consist of
three sensing elements; force, acceleration and vibration that represent the
main sensors found in a natural human hand. An algorithm to provide force
to securely grip the object is also included.
For future investigations, a slip sensor based on piezoelectric technology
developed by the group could be integrated into the system. The slip sensor
could work together with the cartridge to detect the vibration when the
object starts to slip and prevent it from slipping. Another interesting aspect
to explore is using a dierent shaped objects. For example an object that
can move upward when more force is applied. It is anticipated that the
experimental tests will present some resemblance to the prehensile processes
of human grasping.
4. Integration of the ECS and the Southampton articial hand
The integration of the Southampton Hand and the control mechanism is
a long term objective as previously discussed. Future work areas should
be explored successfully in order to ensure the completion of the integra-
tion process. Upon integration of the system, an interfacing mechanism is
required to provide the communication between these two structures.Appendix A
Calculation of ApEn
The example is on random numbers and illustrated in gure A.1.
Figure A.1: Random numbers for ApEn computation
Given that N = 25, and the sequence XN consists of 25 samples as follows:
XN = f 38.36, 40.58, 43.78, 66.74, 68.15, 12.19, 96.60, 64.53, 13.69, 67.42, 82.92,
44.44, 16.61, 29.35, 97.6, 50.52, 65.4, 35.61, 40.96, 30.29, 10.11, 12.05, 33.9, 12.29,
25.55 g
Let's choose m = 2 and r = 0:2SD. The SD of the data is 26.2 and this give r =
5:24. The m-vectors (Equation 4.1) of X(i) are formed and gave:
Also, Xi=Xj.
The most time consuming step in the ApEn computation is the calculation of
Cm
r (i). The following steps show how to nd Cm
r (i).
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X(1) = f38:36;40:58g
X(2) = f40:58;43:78g
X(3) = f43:78;66:74g
.
.
X(24) = f12:29;25:55g
The next thing to determine is how many of X(i) that is similar to X(j). By
using Equation 4.2 and r = 5:24, each of the 2 components in X(i) must be within
+5.24 of the corresponding component of X(j). For example, X(1) is similar to
X(2) but not similar to X(3), since the last component in X(3) (66.74) is dierent
by more than 5.24 units with both components in X(1).
The distance between Xi and Xj, (d(i;j)) are obtained using Equation 4.2 and
the results are entered in Figure A.2 according to the following rule, s(i;j) = 0 if
d(i;j) > r;s(i;j) = 1 if d(i;j) < r.
The number of d[X(i);X(j)]  r, Nm(i) can be determined from Figure A.2 and
an example on how to obtain Nm(1) is shown below:
Nm(i) = [X(1;1)\X(2;2)]+[X(1;2)\X(2;3)]+[X(1;3)\X(2;4)]+[X(1;4)\
X(2;5)]+[X(1;5)\X(2;6)]+[X(1;6)\X(2;7)]+[X(1;7)\X(2;8)]+[X(1;8)\
X(2;9)] + [X(1;9) \ X(2;10)] + [X(1;10) \ X(2;11)] + [X(1;11) \ X(2;12)] +
[X(1;12) \ X(2;13)] + [X(1;13) \ X(2;14)] + [X(1;14) \ X(2;15)] + [X(1;15) \
X(2;16)] + [X(1;16) \ X(2;17)] + [X(1;17) \ X(2;18)] + [X(1;18) \ X(2;19)] +
[X(1;19) \ X(2;20)] + [X(1;20) \ X(2;21)] + [X(1;21) \ X(2;22)] + [X(1;22) \
X(2;23)] + [X(1;23) \ X(2;24)] + [X(1;24) \ X(2;25)]
By referring to Figure A.2:
Nm(1) = 1+1+0+0+0+0+0+0+0+0+0+0+0+0+0+0+0+1+0+0+0+0+0+0
Nm(1) = 3
Then Cm
r (1) from Equation 4.3 is determined:
Cr
m(1) =
Nm(1)
24 = 0.125
The above 2 steps are performed over all i for i = 1;N   m +1. Table A.1 shows
the Cm
r (i), Nm(i) and their natural logarithm for all i.
Equation 4.4 is performed and gives:Appendix A Calculation of ApEn 109
Figure A.2: The distance between Xi and Xj according to the following rule,
s(i;j) = 0 if d(i;j) > r;s(i;j) = 1 if d(i;j) < rAppendix A Calculation of ApEn 110
Table A.1: The Cr
m(i),Nm(i) and their ln for m
i Nm(i) Cm
r (i) ln(Cm
r (i))
1 3 0.1250 -2.0794
2 3 0.1250 -2.0794
3 1 0.0417 -3.1781
4 1 0.0417 -3.1781
5 2 0.0833 -2.4849
6 1 0.0417 -3.1781
7 1 0.0417 -3.1781
8 2 0.0833 -2.4849
9 1 0.0417 -3.1781
10 1 0.0417 -3.1781
11 1 0.0417 -3.1781
12 1 0.0417 -3.1781
13 3 0.1250 -2.0794
14 1 0.0417 -3.1781
15 1 0.0417 -3.1781
16 1 0.0417 -3.1781
17 1 0.0417 -3.1781
18 3 0.1250 -2.0794
19 1 0.0417 -3.1781
20 2 0.0833 -2.4849
21 1 0.0417 -3.1781
22 2 0.0833 -2.4849
23 2 0.0833 -2.4849
24 2 0.0833 -2.4849
m(r)= -2.8217
All the above steps are repeated for m+1. Cr
m+1(1) and m+1(r) are determined.
Table A.2 shows the values of both parameters for i = N   m, and also their
natural logarithm.
Equation 4.4 is performed again and give:
m+1(r)= -3.1355
ApEn is nally obtained from:
ApEn = m(r) - m+1(r)
ApEn = 0.3138Appendix A Calculation of ApEn 111
Table A.2: The Cr
m(i),Nm(i) and their ln for m + 1
i Nm+1(i) Cm=1
r (i) ln(Cm+1
r (i))
1 1 0.0435 -3.1355
2 1 0.0435 -3.1355
3 1 0.0435 -3.1355
4 1 0.0435 -3.1355
5 1 0.0435 -3.1355
6 1 0.0435 -3.1355
7 1 0.0435 -3.1355
8 1 0.0435 -3.1355
9 1 0.0435 -3.1355
10 1 0.0435 -3.1355
11 1 0.0435 -3.1355
12 1 0.0435 -3.1355
13 1 0.0435 -3.1355
14 1 0.0435 -3.1355
15 1 0.0435 -3.1355
16 1 0.0435 -3.1355
17 1 0.0435 -3.1355
18 1 0.0435 -3.1355
19 1 0.0435 -3.1355
20 1 0.0435 -3.1355
21 1 0.0435 -3.1355
22 1 0.0435 -3.1355
23 1 0.0435 -3.1355Appendix B
ApEn Evaluation for Dierent m
and r
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Figure B.1: The ApEn evaluation during wrist extension for m = 1 and
dierent r; (ii)r = 0:1SD, (iii)r = 0:2SD and (iv)r = 0:25SDAppendix B ApEn Evaluation for Di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Figure B.2: The ApEn evaluation during wrist extension for m = 3 and
dierent r; (ii)r = 0:1SD, (iii)r = 0:2SD and (iv)r = 0:25SDAppendix C
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Figure C.1: Feature extraction of the SEMG signal during wrist exion from
FCU muscle at 90bpm. From top to bottom: the SEMG signal, ApEn, SampEn,
MAV, skewness and kurtosis.Appendix C Results of the feature extraction of the SEMG signals 117
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Figure C.2: Feature extraction of the SEMG signal during wrist extension
from ECR muscle at 120bpm. From top to bottom: the SEMG signal, ApEn,
SampEn, MAV, skewness and kurtosis.Appendix C Results of the feature extraction of the SEMG signals 118
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Figure C.3: Feature extraction of the SEMG signal during co-contraction from
FCU muscle at 90bpm. From top to bottom: the SEMG signal, ApEn, SampEn,
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Figure C.4: Feature extraction of the SEMG signal during isometric contrac-
tion from FCU muscle at maximum speed. From top to bottom: the SEMG
signal, ApEn, SampEn, MAV, skewness and kurtosis.Appendix D
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Figure D.1: The input membership function for ApEn1(A1), (MAV1B1),
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Figure E.1: The result of the revised four states classication system during wrist exion/extension at 90bpm. Label STATE1 (0:00
- 0:30) is the classication result during wrist exion (region A) and wrist extension (region B).A
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- 0:30) is the classi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cation result during wrist
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cation system during wrist exion/extension at 90bpm. Label STATE2 (0:30 - 0:70)
is the classication result during wrist exion (region A) and wrist extension (region B).A
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Figure F.2: The result of the three states classication system during co-contraction at 60bpm. Label STATE3 (0:60 - 1:00) is the
classication result during co-contraction (region A and B).Appendix G
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cation system during wrist exion/extension at 90bpm. Label STATE2 (0:25 - 0:51) is
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ve states classication system during co-contraction at 90bpm. Label STATE5 (1:00 - 1:25) is the
classication result during co-contraction (region A and B).Appendix H
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Figure H.1: The result of the contraction's state based classication system during co-contraction. Label STATE4 (0:71 - 1:00) is the
classication result during co-contraction (region A and B).Appendix I
Investigation of an Articial
Prehension System
This appendix describes an investigation of the fundamental operation of an arti-
cial hand. The hand is modeled as a simple prehension system with three sensing
elements; force, acceleration and slip. An overview of the operation and the experi-
mental setup are described and the results from the sensors's analysis are included.
A proposed automatic closed loop feedback algorithm is also described.
I.1 Articial prehension system
The Oxford English dictionary denes prehension as the action of physically grasp-
ing or holding something and is done uncognitively [Oxford, 2009]. It also involves
manipulation of the hand and the movement of object within the hand. The most
important function of a human hand is prehension. An example is picking up a
ball using a spherical grip posture. Several designs and developments of articial
hand have been reported, but none of them have included the study of prehension
[Light et al., 2002b; Carrozza et al., 2002b; Dechev et al., 2001]. There is growing
interest in studying methods to avoid the object from slipping when being held.
A robust control solution is needed to overcome this matter where robust sensors
are essential for the measurement of variables in a control loop.
The objective of this work is to investigate the articial hand's operation and is
represented by an experimental prehension system. The long term objective is to
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develop an automatic closed loop feedback control system that will work together
with the ECS developed in this research.
The prehension system has three sensors integrated in it which are force sensor,
slip sensor and accelerometer. Experimental tests are developed to mimic the
behavior of an articial hand and is focused on an understanding of a hand's
operation associated with object's gripping and slippage. The idea of the system
is shown in Figure I.1 where it performs a single-degree of freedom operation. The
object is gripped securely when force, F is applied where the gravitation force, mg
equals the friction force, 2F
OBJECT
F F
μF μF
mg
Figure I.1: A diagram of the object gripping of the prehension system
The control system is similar in form to Hooke's Law as follows:
F = k^ x (I.1)
where F is the force, k is the constant and ^ x is the distance that the object has
slipped. The distance, ^ x will determine the amount of force required to tighten
the object after it slips.
The block diagram of the prehension system is shown in Figure I.2. The operation
of the system is described as follows: after receiving information from the HOLD
switch which is either ON ('1') or OFF ('0'), the microcontroller will determine
when to start the DC motor to hold the object. The object will be held if the
'ON' instruction is received. Upon gripping the object securely, the amount of the
applied force can be measured. When the object starts to slip, a signal from the
slip signal will be sent to the microcontroller. An audio cartridge is used to sense
vibration when the object starts to slip. The system will then try to re-grip the
object by estimating the distance of the object has dropped by double integratingAppendix I Investigation of an Articial Prehension System 136
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Figure I.2: The articial prehension system general block diagram
the acceleration signal and apply a sucient amount of force required to re-grip
the object.
I.2 Experimental setup
The experimental setup for the system is shown in Figure I.3. The apparatus
arrangement allows for linear and horizontal movement to refelct the pinching
action between a nger and thumb. The mechanical components of the system
are actuator, gripper, object and a stylus of an audio cartridge. The electronics
components are the motor controller circuit, force sensor and its amplication
circuit, an accelerometer and the cartridge's circuit.
The rack and pinion system is used to provide a linear motion in the system and
is attached to the DC motor with gearbox. The spur gear is driven by a DC motor
along the rack. The rack is attached to the ball slide 2 to ease its movement. The
gripper, is a simple parallel jaw formed with two discs. One of the discs is attached
to the rack and the other one is attached to ball slide 3. With this arrangement,
the object is constrained to move either vertically or horizontal and is not allowed
to rotate about the x-y axis. The DC motor/gearbox generates a force to move
the rack until the gripper holds the object and pushes slide 3 until it touches the
force sensor. An aluminium bar with a 'U' cross section is used as an object to
test the operation of the system, is attached to 2 ball slides that moves vertically
and horizontally. This arrangement ensures that the object can be held easily by
the gripper.
The following section describes the electronics design for the prehension system.Appendix I Investigation of an Articial Prehension System 137
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C – Rack and pinion system, and ball slide 2 H – Ball slide 3
D – Audio cartridge  I –  Gripper 
E – Accelerometer and its circuit
Figure I.3: The articial prehension system
I.2.1 DC motor controller circuit
A motor controller circuit was designed to control the voltage applied to the DC
motor. The IG33 20:1 gear DC motor with maximum torque of 100mNm is used
to generate the gripper force. The circuit design is shown in Figure I.4 where
it represents a 2 stage amplier. The rst amplier is using ICL7621, acts as a
unity gain buer. The input of the ICL7621 is connected to 50k
 potentiometer.
The potentiometer controls the direction of the motor by turning the pin to one
side or another. When the pin is in the middle, the motor stops moving. The
power op-amp, L165 is used in the second stage of the amplier as the inverting
amplier and IC is suitable for the actuator speed control application. A heat sink
is attached to the L165 to protect the circuit as it can easily heat up.
The initial testing on the system is to carry out a frequency response analysis
between the input of the motor controller circuit and output (see Figure I.5 ).
This is to ensure the stability in the prehension process. In the analysis, theAppendix I Investigation of an Arti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Figure I.4: The DC motor controller circuit
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Figure I.5: The block diagram of the frequency response analysis.
potentiometer is set for the DC motor to grip the object. Then alternate current
(AC) signal is applied to the Vin and the AC output is observed at the Vo1. The
gain, A1 was then calculated. Similar procedures were done in determining the
gain, A2.
Figure I.6 shows the frequency response of the system and it shows that it is a
third order system. The analysis shows that the amplier circuit has a rst order
system and the gearbox behaves as a second order system.Appendix I Investigation of an Articial Prehension System 139
Figure I.6: The frequency response in the amplier (top) and in the system
(bottom)
I.2.2 Force sensor
A force sensor, Honeywell FSG15N1A is used to measure the gripper force. The
sensor operates on the principle that the resistance of silicon implanted piezoresis-
tors will increase when the resistors strain under an applied force. It can measure
force up to 15N and sensitivity 24mV/N.
The force sensor and its amplication circuit is shown in Figure I.7. An instru-
mentation amplier, INA118P is used to amplify the signal where the input signal
from the force sensor are applied to the two dierential inputs. The gain is set up
by an external resistor RG and the following equation is used to achieve the gain
of 20, where RG = 2:63k
.
G = 1 +
50k

RG
(I.2)
The reference voltage, Vref of the instrumentation amplier is adjusted to 30mV ,
which is the same with the null oset of the force sensor. The output of the circuit
is in volts and the force in Newton can be determined by the following equation:
F =
Vout
G
1
24  10 3(N) = 2:083Vout(N) (I.3)Appendix I Investigation of an Articial Prehension System 140
100kΩ
10kΩ
RG
0.1uF
FORCE 
SENSOR
+
-
V+
V-
INA118P Ref
+10V
V+
V-
0V
Vout
+10V
0V
Vref
Figure I.7: The force sensor and its amplication circuit
I.2.3 Accelerometer
To measure the acceleration of the object when it drops, an accelerometer ADXL320
is used. The ADXL320 is a dual-axis (X-axis and Y-axis) accelerometer that
can measure acceleration with a full-scale range of +5g. It has the sensitivity of
174mV/g. The functional block diagram of ADXL320 is shown in Figure I.8.
Figure I.8: The functional block diagram of ADXL320
Cx and Cy are added at the output pins to implement low-pass ltering for an-
tialiasing and noise reduction. Both capacitors values are 0.01F for 500Hz band-
width and are obtained by using the following equation:
F 3dB =
5F
C(x;y)
(I.4)Appendix I Investigation of an Articial Prehension System 141
From the acceleration signal, the velocity and the distance can be determined.
This is done by double integrating the acceleration signal by using Simpson's rule
method. Simpson's rule [PlanetMath, 2007] is a method of approximating the
integral of function f using quadratic polynomials. In particular, let the function
f be tabulated at points x0,x1 and x2 equally spaced by distance h, and denote
fn = f(xn) . The Simpson's rule is given by the following equation:
Z x2
x0
f(x)dx =
h
3
(f(x0) + 4f(x1) + f(x2)) (I.5)
For a series of number X0, X1, X2, :::, Xn, the equation is as below:
X0 =
h
3
(X0 + 4X1 + X2) (I.6)
X1 =
h
3
(X2 + 4X3 + X4) + X0 (I.7)
Xk =
h
3
(Xn 2 + 4Xn 1 + Xn) + Xk 1 (I.8)
I.2.4 Slip sensor
Another sensing element in the system is the slip sensor. A stereo magnetic phono
cartridge is used for this purposes. The cartridge is a device that can convert
vibration detect by the stylus on the cartridge into an electrical signal. The ar-
rangement for the cartridge in the system is shown in Figure I.9.
Figure I.9: The position of the stereo cartridgeAppendix I Investigation of an Arti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Figure I.10: The audio circuit and its amplication circuit
The stylus of the cartridge touches the object when it is held. A vibration will be
detected when the object starts to slip. The slip signal from the cartridge is fed to
an amplier to amplify the signal with a gain of 10. The circuit design is shown in
Figure I.10. The cartridge has two output channels. However, in this work only
one output (Channel 1) is used in the analysis as it has been observed that both
channels gave similar signal responses.
By applying an approximate integrator to the slip signal, the distance of the object
slips could be estimated. Cotton et al. [2007] used the same method to get the
distance from the slip signal obtained from the thick-lm piezoelectric slip sensor
attached on a ngertip. The ow chart of the approximate integrator is shown
in Figure I.11. The VT is chosen for the integration and this can be done by
observing the absolute value of the slip signal. By moving the threshold up or
down, it will eect the number of count of 1 where high VT will give less count
and oppositely, low VT gives more count because of the noise. The VT that give
the most reasonable number of counts and good result is chosen. The distance
obtained from the integration will be used as a control signal to provide automaticAppendix I Investigation of an Articial Prehension System 143
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2.  Obtain the absolute value of VS
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0
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Figure I.11: The approximate integrator
closed loop feedback control to the prehension system as described in Equation
I.1.
The slip signal is being investigated further using the ApEn algorithm, to see
how it can be used to detect and avoid the object from slipping. Using the same
parameters as in the SEMG investigation, where the data length, N = 200, vector,
m = 2 and the tolerance range, r = 0:25SD, the ApEn algorithm is then applied
to the slip signal. Figure I.12 shows the ApEn analysis when applied to the slip
signal. It can be seen that the ApEn drops to a value about 0:4 when the object
slips. When there is attempt to re-grip the object, there is an increase in the ApEn
before it drops again. The ApEn is then increases again to about 1:0 when theAppendix I Investigation of an Articial Prehension System 144
object is held again (the slip signal is 0V). The analysis shows that ApEn can be
used to detect the object's slip.
−0.2 −0.15 −0.1 −0.05 0 0.05 0.1 0.15 0.2 0.25
0.5
1
1.5
2
Time, s
A
c
c
e
l
e
r
a
t
i
o
n
,
 
V
−0.2 −0.15 −0.1 −0.05 0 0.05 0.1 0.15 0.2 0.25
−0.4
−0.2
0
0.2
0.4
Time, s
S
l
i
p
 
s
i
g
n
a
l
,
 
V
−0.2 −0.15 −0.1 −0.05 0 0.05 0.1 0.15 0.2 0.25
0
0.5
1
1.5
Time, s
A
p
E
n
Figure I.12: Top: the acceleration signal, middle: the slip signal and bottom:
the ApEn signal on the slip signal.
I.3 Results and discussion
The experiment on the prehension system was carried out by running an object
gripping test. Initially, the force was applied to grip the object. After the object
was held, the force was reduced and the object started to slip. The force was
applied again to re-grip the object and prevent the object from slipping. The
signals from the three sensors during the gripping and re-gripping processes were
recorded and are shown in Figure I.13.
The study focuses on three phases of the object condition which are when it is
held, it starts to slip and it is re-gripped. From the top plot, it shows that theAppendix I Investigation of an Articial Prehension System 145
Figure I.13: The signals from the three sensors: force (top), acceleration
(middle) and slip (bottom) measured from the experiment
average force required to grip the object is about 3.5V which is equivalent to 7N.
This value is typical of the nger force required to hold an object. When the
object starts to slip, the force dropped at almost 0N and signal responses can be
seen from the accelerometer and the slip sensor.
From the acceleration signal (middle plot in Figure I.13), it can be seen that the
object accelerates when the force is reduced and it starts to decelerate when there's
an attempt to re-grip the object. When an object experienced a free fall, it has
the acceleration of 1g (= 9.81ms 1). From the acceleration plot, it shows that
the object dropped under free fall condition. Simpson's rule was used to estimate
the velocity and the distance from the acceleration signal and this is shown in
the middle and bottom plot of Figure I.14 respectively. From the plots, it can
be observed that the velocity and the distance of the object starts to increase
when the object begins to slip. The velocity starts to decrease when attempt to
re-grip the object is done. The velocity returns to zero eventually and the distance
becomes a constant when the object is held again.Appendix I Investigation of an Articial Prehension System 146
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Figure I.14: By applying double integration the acceleration (top) signal,
velocity (middle) and distance (bottom) are obtained. A: when the object starts
to slip, B: attempt to re-grip the object and C: object is held again.
The slip signal (bottom plot in Figure I.13) is to detect when the object starts to
slip. By applying approximate integrator to the signal, the distance of the object
has slipped is computed. In approximate integration, the rst step is to rectify
slip signal (see Figure I.11 middle plot). A suitable Vt must be selected to get the
safe range of vibration for the object. A right Vt will detect the vibration at the
right velocity. Three dierent Vt were selected in investigating the signal which
are 0.04V, 0.06V and 0.08V; and they are shown in Figure I.15.
The conditioning rule (see rule 4, Figure I.11) was applied to the rectied slip
signal. Figure I.16 shows the results for three dierent Vts after applying rule 4
and the bottom plot is the expanded view of the operation between the period of
5ms and 55ms in Figure I.16a ('X' label). It has been observed that at higher
threshold levels, threshold crossing events are not recorded until later on in the
experiment (i.e. at higher velocities)and oppositely, at lower velocities, threshold
crossing events are observed much earlier in the experiment. Thus there is aAppendix I Investigation of an Articial Prehension System 147
Figure I.15: Top: the slip signal. Bottom: The rectied slip signal with three
superimposed threshold voltages, Vt
limiting velocity before which slip cannot be detected, and the value of this velocity
is proportional to the magnitude of the threshold used when counting threshold
crossing events. Ideally slip should be detected at the lowest velocity possible
but this is where a trade o exists: setting a threshold level too low means that
extraneous noise could register as a threshold crossing event giving the impression
that slip had occurred when it hadn't [Cotton et al., 2007].
The sum of the count of 1s shown in Figure I.16 is proportional to the distance
of object has slipped. Figure I.17 shows the distance on the object slipped from
3 dierent Vts. It shows that Vt=0.08V gave the most reliable result compared
to the other Vts where it detects when the object starts to slip almost accurately.
While at Vt=0.04V, it detects the event much earlier before it actually occurred.
Both information obtained from the accelerometer and the slip sensor could be
used to estimate the distance that the object has slipped. The distance is used to
determine the amount of force required to re-grip the object, as described earlier
in Equation I.1. However, for the proposed algorithm of the automatic control
feedback, the slip signal is used to detect the object's slip which will be then used
to trigger the processing of the acceleration where the distance will be calculated.
Figure I.18 shows the block diagram of the proposed control algorithm for the
prehension system explaining the operation of the proposed system. The A, BAppendix I Investigation of an Articial Prehension System 148
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Figure I.16: The slip signal is 0 and 1 for three Vts; (a) 0.04V, (b) 0.06V and
(c) 0.08V. (d) is the expanded view for area X shown in (a)
Figure I.17: The approximate distance based on sum of '1's of the slip signal
at three dierent VtsAppendix I Investigation of an Articial Prehension System 149
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Figure I.18: The owchart of the automatic control feedback algorithm for
the articial prehension system
and C label shown in the diagram are the signal processing stages which can be
implemented in a microcontroller.
Prior to the implementation of the algorithm, the scalar 'k' in Equation I.1 will be
determined. Fig. I.19 shows the relationship between the force and the distance
obtained from the acceleration and the slip signals. From the right-axis of the
bottom plot, it can be observed that when the object slipped, it has dropped
about 30mm before it was re-gripped again. A force of 7N is required to grip the
object securely. The result for three dierent Vts of the approximate integration
of the slip signal is shown in the bottom plot, left-axis. It can be observed that at
higher threshold levels, threshold crossing events are not recorded until later on
in the experiment and oppositely, at lower velocities, threshold crossing events are
observed much earlier in the experiment. Also, it can be seen that the distance
obtained from the acceleration is proportional to the sum of 1's obtained from the
approximate integration of the slip signal.
Further analysis be-tween the distance obtained from the acceleration signal and
the force during the re-gripping process was carried out. The experiment was
repeated twenty times in determining the most appropriate value for 'k'. In the
analysis, the average force when the system tried to re-grip the object until it's
being gripped is calculated and the distance of the object has slipped during this
period is measured. Fig. I.19 shows the range of values the average force (top plot)
and the distance (middle plot). Using Equation I.1, the scalar 'k' is determined.Appendix I Investigation of an Articial Prehension System 150
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Figure I.19: The relationship between the force and the distance of the object
has slipped during the re-gripping process. A: when the object starts to slip, B:
attempt to re-grip the object and C: object is held again.
Table I.1: Summary of the force, distance and 'k' values from Figure I.20
Force, N Distance, mm k
Minimum 2.08 30.8 29.69
Maximum 4.37 75.3 106.12
Mean 3.47 54.28 67.1
SD 0.68 12.27 19.28
The range of the 'k' values is between 30 and 107 (bottom plot in Fig. I.20). Table
I.1 shows the statistics of the parameters shown in Fig. I.20. The average of the
'k' value is 67:10 with a SD of 19:28.Appendix I Investigation of an Articial Prehension System 151
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Figure I.20: Distribution of the force, distance and 'k' values over twenty
trials
I.4 Conclusions
Tests and results from the apparatus used to investigate the articial hand oper-
ation has been demonstrated that it is suitable to simulate the following: accel-
eration, object slippage and gripper force. It has also been observed that a large
de-acceleration is required to obtain a small and acceptable slip distance. Also,
an analysis of the slip signal using ApEn has shown when an object begins to slip.
During re-gripping, there is a wide variation in the ratio of the applied average
force to the object slip-distance.Appendix I Investigation of an Articial Prehension System 152
An automatic control feedback system algorithm is proposed to be implemented
into the prehension system. Also, in the future the information gained from the
apparatus would be useful in improving the design of an articial hand particularly
the Southampton Hand and could be used with the ECS developed in this research.References
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